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Abstract
A major goal in computational biochemistry is to obtain three-dimensional structure informa-
tion from protein sequence. Coevolution represents a biological mechanism through which
structural information can be obtained from a family of protein sequences. Evolutionary rela-
tionships within a family of protein sequences are revealed through sequence alignment. Statis-
tical analyses of these sequence alignments reveals positions in the protein family that covary,
and thus appear to be dependent on one another throughout the evolution of the protein family.
These covarying positions are inferred to be coevolving via one of two biological mechanisms,
both of which imply that coevolution is facilitated by inter-residue contact. Thus, high-quality
multiple sequence alignments and robust coevolution-inferring statistics can produce structural
information from sequence alone. This work characterizes the relationship between coevo-
lution statistics and sequence alignments and highlights the implicit assumptions and caveats
associated with coevolutionary inference. An investigation of sequence alignment quality and
coevolutionary-inference methods revealed that such methods are very sensitive to the system-
atic misalignments discovered in public databases. However, repairing the misalignments in
such alignments restores the predictive power of coevolution statistics. To overcome the sen-
sitivity to misalignments, two novel coevolution-inferring statistics were developed that show
increased contact prediction accuracy, especially in alignments that contain misalignments.
These new statistics were developed into a suite of coevolution tools, the MIpToolset. Because
systematic misalignments produce a distinctive pattern when analyzed by coevolution-inferring
statistics, a new method for detecting systematic misalignments was created to exploit this phe-
nomenon. This new method called “local covariation” was used to analyze publicly-available
multiple sequence alignment databases. Local covariation detected putative misalignments in a
database designed to benchmark sequence alignment software accuracy. Local covariation was
incorporated into a new software tool, LoCo, which displays regions of potential misalignment
during alignment editing assists in their correction. This work represents advances in multiple
sequence alignment creation and coevolutionary inference.
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Chapter 1
General Introduction
1.1 Open Problems in Bioinformatics
Intra-molecular protein coevolution represents the confluence of the two largest open prob-
lems in bioinformatics, multiple sequence alignment and protein structure prediction. Protein
structure prediction has long been a major goal of bioinformatics because of the utility of accu-
rate three-dimensional protein structure models and the comparatively high financial and time
investment required to generate such models using in vitro rather than in silico methods. Co-
evolution represents a biological mechanism through which multiple sequence alignments can
generate structural information.
It is theoretically possible (yet, at present, computationally intractable) to generate a full,
accurate three-dimensional model of a protein using only the primary amino acid sequence
from which the protein is composed [6]. Because of the computational challenges associated
with protein structure prediction, many groups have attempted to limit the massive protein
structure prediction “search space” with supplemental data too coarse for accurate modelling
by itself. These coarse experimental methods include the incorporation of cryoelectron mi-
croscopy and partial nuclear magnetic resonance data [1]. As well, sequence analysis-based
methods generate predictions based on models of evolution and multiple sequence alignments
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[20].
The potential to produce accurate predictions of the three-dimensional structure of proteins
is one example of the vast utility of Multiple Sequence Alignment (MSA). The ability to gen-
erate rapid and accurate sequence alignments is one of the largest contributions of the field
of computational biology. When conducted properly, sequence alignments identify homology
at the molecular level, and thus are possibly the most clear and explicit piece of evidence of
evolution itself. Therefore, multiple sequence alignment is fundamental to all of molecular
biology as it is a way of exploring homology.
1.2 Protein Molecular Evolution
1.2.1 Homology
Homology is the similarity we see in the natural world that is due to the common descent of
organisms; it is one of the most fundamental and important concepts in biology [17, 41]. Two
traits are said to be homologous if they show similarity due to ancestral relatedness. If one was
to use traits as evidence of relatedness between two organisms, homologous traits would be
examples of “signal”.
But not all biological similarities can be attributed to shared ancestry; for example, a bat
wing and bird wing appear to share superficial similarity in structure, but arose independently.
Bat and bird wings are only homologous as the forelimbs of tetrapods, but not as wing struc-
tures themselves [70]. The similarity between bird and bat wings is an example of the conver-
gence to a similar solution and is called analogy. If homologous traits are metaphorical “evo-
lutionary signal” as outlined previously, traits that are analogous but not homologous would be
“noise”.
One of the greatest insights in the history of science was that the history of all living organ-
isms could be represented as a phylogenetic tree with extant organisms represented as terminal
leaf nodes, extinct ancestral organisms at intermediate nodes connecting extant organisms, and
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a universal common ancestor residing at the root of the tree [17]. A phylogenetic tree is inferred
by identifying shared characteristics that define related groups of organisms called synapomor-
phies and symplesiomorphies. The distinction between the two classes is that symplesiomor-
phies refer to a shared ancestral character state, and synapomorphies refer to a shared derived
character state. These two phylogenetic terms are contrasted by homoplasy, character states
whose similarity exists because of convergent evolution. Thus, homoplasies are analogous, but
not homologous.
These concepts are often discussed at the organism level, but also apply at the protein
level. The evolutionary history of a protein can be represented by a phylogenetic tree and the
amino acid identity at the various positions within the protein represent character states that
can be synapomorphic, symplesiomorphic, or homoplasic. The phylogenetic tree representing
a protein may differ greatly from the phylogenetic tree of its host organism. For example, in the
case of horizontal gene transfer between bacteria, the phylogenetic tree of the protein encoded
by the gene would more closely resemble that of the transferring organism than it would the
recipient organism. These are called xenologous proteins, homologous proteins related by a
horizontal transfer[49]. The type of homology between proteins affects the inference of intra-
protein coevolution, as outlined below.
1.2.2 Orthology and paralogy
The concept of homology can be subdivided further as we discuss protein molecular evolution.
Homologous proteins are similar because of shared ancestry, but this distinction is not suffi-
cient to generate high-quality coevolutionary data. The relationship between the homologous
proteins is important and can be divided into several subtypes [49]. Orthologous proteins are
related by direct linear descent from a common ancestral protein that were separated by speci-
ation events. Paralogous proteins are proteins that have been separated by a gene duplication
where multiple copies of a protein exist in the same genome [29]. Unlike orthologous pro-
teins, where a conservation of function is likely [26], paralogous proteins are likely to undergo
4 Chapter 1. General Introduction
functional divergence over evolutionary time [29]. It is important to remember that both or-
thology and paralogy are subtypes of homology and can be distinguished from analogy, which
is relatedness because of common function.
While it is algorithmically possible to infer gene duplication and speciation events from a
complete gene tree [83], there exists no automated way to determine whether two sequences
are orthologues or paralogues a priori, given only their sequences. However, one major goal of
sequence alignment is to create a protein family consisting of orthologous proteins. Thus one
challenge of sequence collection through local alignment is to distinguish orthologues from
paralogues. There are numerous reasons why a protein family should ideally contain only
orthologues depending on the perspective of the user of the protein family. The phylogenetic
tree of an orthologous protein family closely resembles the topology of the species tree by
definition, and thus the orthologous character of a protein family is useful for phylogenetics;
in fact, the consensus of multiple putatively-orthologous protein family trees is the basis for
the Tree of Life project [12]. From a functional perspective, it is logical to classify proteins
by their utility. The conservation of function between orthologues combined with their shared
ancestry makes them colloquially the “same” protein in two different species. Orthologous
proteins with ancient origin typically show a conservation of function across the tree of life
[26]. When trying to make structural and functional inferences about a specific protein based
on the information in a protein family alignment, it is important to include only orthologues
because the structural and functional divergence that occurs as the paralogue acquires new
function would interfere with the ability to obtain information from regarding the orthologous
family of interest.
By contrast, paralogous sequences are the source of novel function because the presence
of a second copy of the protein provides the evolutionary freedom to explore new sequence
space without interfering with the function of the original orthologous protein. Superfamilies
are created when several paralogous protein families are combined together.
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1.2.3 Protein families and superfamilies
As a practical example, malate dehydrogenase (MDH) is an enzyme that is part of the citric
acid cycle. There are many difference specific sequences from as many organisms that we con-
sider to be part of the MDH family. Based on sequential, structural, and functional analysis, we
know that malate dehydrogenase and lactate dehydrogenase (LDH) are homologous and thus
we can infer that the two families are paralogous, originating from an ancient gene duplication
event [59]. Thus the Conserved Domain Database contains a superfamily that contains a fam-
ily called “LDH MDH like”, containing all paralogous members of both families [59]. The
decision to include a sequence in an orthologous protein family must ultimately reside with the
expert opinion of a curator using evidence like sequence similarity, the number of putatively
homologous sequences found in a search, functional annotation, experiment, etc.
The important concept of homology and analogy extends to both the sequence and structure
of the protein. Structural and sequential motifs or even positions can be said to be homologous
or analogous. However, sequential misalignments are commonly based on the alignment of
two analogous sequence motifs, or even analogous residues. Two protein structures may be
homologous, as the two folds may be super-imposable for many structurally-conserved fea-
tures. Structural analogy exists but is comparatively very rare [11].
1.3 Multiple Sequence Alignments
1.3.1 Sequence alignment overview
The concept of homology is the fundamental theoretical underpinning of multiple sequence
alignment. DNA and protein sequences are biological traits, just like skeletal wing structure.
The major advantage of using biological sequences over other morphological traits is that they
are universal and thus can be used to make evolutionary inferences across all known organisms.
In a multiple sequence alignment, each position in the biological sequence, meaning either
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a nucleotide for a DNA alignment or amino acid for protein, is aligned into a putatively homol-
ogous column [19]. Figure 1.1 shows a graphical representation of an alignment for the protein
family triosephosphate isomerase. Residues in this alignment are coloured by amino acid prop-
erty where similar colours represent similar properties, revealing homologous columns visually
[74]. The goal of multiple sequence alignment is to assign each biological character in the se-
quence to these homologous positions such that the similarity between sequence positions in
that column, often manifesting as similar identity or properties, is due to the shared ancestry of
the sequences. However, there is the potential for much analogy on a position-by-position basis
in sequence alignment because biological characters (nucleotides or amino acids) occur many
times and therefore there is often low information content relative to the number of hypotheses
tested.
Ideally, a multiple sequence alignment is a grid where every row is a biological sequence
and every column is a homologous position. This problem is trivial when aligning near-
identical sequences with no insertions or deletions; such a case exists when creating alignments
of orthologous sequences from closely-related organisms. However, such ideal conditions are
impossible to meet when sequence similarity diverges. When building a protein family model,
the goal is to collect all members of the protein family spanning the entire tree of life. This
means that the protein family model contains unknown ancient, extinct protein members that
cannot be sequenced.
1.3.2 Challenges in multiple sequence alignment evaluation
Unfortunately, there is no deterministic experimental alignment method that provides a defini-
tive solution against which computational solutions can be benchmarked. For a comparison,
consider the in silico structure prediction problem: Structure predictions generated in silico
can be compared to structures generated by an established in vitro method like X-Ray Crys-
tallography or Nuclear Magnetic Resonance to determine the accuracy of the in silico method,
and to guide the development of the software [62]. Conversely, there is no in vitro experiment
1.3. Multiple Sequence Alignments 7
A
B
Figure 1.1: Alignment of triosephosphate isomerase created using Cn3D [40] and drawn us-
ing Jalview [80]. Amino acids are coloured by amino acid property according to the Taylor
colouring scheme [74]. Panel A shows the full alignment. Panel B shows the first contiguous
segment for the first 13 sequences with gi and pdb entries visible.
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that can generate the “correct” protein multiple sequence alignment because such a hypothet-
ical experiment would involve actually observing mutational and speciation events that have
already occurred over the entire history of life on earth. Only extant data can be collected and
extinct sequence data is lost to history. While there are methods that attempt to infer the iden-
tity of extinct ancestral sequences [65, 38], these methods are hypothesis-generating just like
sequence alignment methods.
Robert Edgar, the creator of the widely-used MUSCLE sequence alignment tool [25], pub-
licly declared Multiple Sequence Alignment a “dead field” in 2010. He credited the stagnation
of the field to the fact that new ideas in sequence alignment didn’t seem to produce noticeable
improvements in benchmark datasets. The publication of the original BAliBASE dataset in
1999 [76], of which there are several iterations [9, 77], catalyzed a decade of advancement, as
competing groups published work demonstrating that their method provided the highest bench-
mark scores. BAliBASE was a dataset of carefully constructed alignments that were curated by
hand and were structurally-supported; this careful human intervention is what gave confidence
in BAliBASE’s correctness.
However, there is still no physical experiment that establishes the correctness of BAliBASE
or other “benchmark-quality” datasets and thus a potential explanation for the stagnation of the
alignment field is that the benchmark alignments are not correct. While the assumed correct-
ness of BAliBASE was necessary for the field to proceed at the inception of the database, it may
ultimately have lead to the stagnation of the field a decade later; perhaps the lack of progress
in alignment accuracy was due to errors in the database rather than errors in the alignment
procedures themselves.
1.3.3 Alignment scoring matrices
The simplest sequence alignment problem involves only two sequences. The algorithmic goal
of the two-sequence problem is to maximize a scoring function that is designed with the goal
of producing the most-likely correct alignment when the score is highest. A dynamic pro-
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gramming approach is used to reuse calculated information efficiently [63]. Matched (or mis-
matched) residues are given a score according to values in a matrix based on the observable
frequency with which such substitutions are seen in alignments relative to the expected fre-
quency background substitutions based on independent positional evaluation [19].
Insertions and deletions are accounted for by inserting one or more “gap characters”, typ-
ically a dash, and assessing an affine gap penalty, that acknowledges that a single insertion or
deletion event can cover many alignment positions and thus penalizes the creation of a gap
more strongly than its extension [2]. The first multiple sequence alignments were necessar-
ily made by hand and involved closely-related sequences [19]. Closely-related sequences are
said to have high identity because there are few sequence differences between them. Regions
that show high identity are said to show conservation, a measure of the extent to which iden-
tical amino acids appear in the columns in the alignment [68]. Such hand-made alignments of
similar homologous sequences were the basis of the Point Accepted Mutation (PAM) scoring
matrices [19]. Entries in a substitution matrix are scaled log-odds scores. They are calcu-
lated by taking the log ratio of the empirically observed amino acid substitution frequencies
versus the observed marginal frequency of each amino acid, ie. the probability the substitu-
tion occurred by accepted mutations versus the probability the amino acids were aligned by
chance. If the substitution is empirically favourable, a positive score is assigned to the substi-
tution. PAM matrices are ideal for global alignments of known homologues because of their
end-to-end nature and the largely highly conserved alignments due to sequence similarity.
The BLOSUM matrices, developed later, were based on an analysis of more diverged pro-
teins than the PAM matrices [39]. Henikoff et al. analyzed short, highly-conserved segments
called blocks and observed amino acid substitution rates. BLOSUM matrices are developed to
infer homology between two dissimilar sequences, which is in contrast to PAM matrices that
are used to align sequences for which homology has been asserted. Henikoff et al. developed
a method to encourage inference between dissimilar sequences. All sequences that are within
a defined identity threshold are combined and treated as a single sequence for the purposes of
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calculating positional frequencies and accepted mutations.
A scoring matrix provides an empirical method for evaluating more distantly-related se-
quences. The initial hand-made alignments were based on the concept of identity, where
columns were aligned such that as many matching residues were super-imposed in the same
column as possible [19]. With the inclusion of scoring matrices, alignments could be measured
by similarity, where empirically-derived favourable mutations could contribute positively to the
alignment. A completed alignment is usually evaluated based on conservation. Two protein
sequences with high identity show conservation. Protein sequences with low similarity show
little conservation. Typically, a multiple sequence alignment will show varying degrees of con-
servation across its length. The most conserved regions are inferred to be important because
something is fighting the natural tendency for sequences to diverge in this region [10, 69].
Both PAM and BLOSUM are designed to be general-purpose scoring solutions for their
respective problems. However, a better solution can be built for a specific protein family. A
Position-Specific Scoring Matrix (PSSM) is similar to the aforementioned scoring matrices
except it is calculated on a position-by-position basis for the specific protein family being
analyzed [5]. As new sequences are added to a growing alignment, the PSSM is recalculated for
each position, expanding the accepted mutations for each position and increasing the likelihood
of inferring homology between divergent sequences. A PSSM is an effective alignment tool
because it will empirically derive the underlying “rules” of accepted substitutions for each
position in a protein family. Whereas a BLOSUM matrix may suggest that two amino acids
are fairly interchangeable in the general case, the same substitution may not be allowed at all
at a specific position in the protein family being analyzed. If a PSSM is built from a diverse
enough collection of sequences, it can be a powerful tool for inferring homology between
diverged sequences.
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1.3.4 Local and global alignment
The distinction must be made between local and global alignment, with the former being de-
signed for finding putatively homologous sequences, and the latter for creating an end-to-end
alignment that encompasses the evolutionary relationships of a protein family only once ho-
mology between all sequences can be assumed.
Local alignment is used for sequence collection, since no a priori assumption of homol-
ogy is made. The most common tool, BLAST, uses matrices and affine gap scores, but ac-
celerates search speed by pre-processing its database in order to increase search-time speed
[3]. PSI-BLAST is an iterative approach to local alignment with increased accuracy in col-
lecting distantly-related sequences [5, 4]. In PSI-BLAST, Position-Specific Scoring Matrices
(PSSM) are used to increase sensitivity to the empirically observed substitution frequencies
at each position in the protein individually. Each position in the growing alignment has its
own empirically-derived scoring matrix that is recalculated as new putatively-homologous se-
quences are added to the growing alignment. The presence of an intermediate sequence be-
tween two dissimilar members of the same protein family will improve the algorithm’s ability
to assert homology between the three.
Because PSI-BLAST only uses affine gap penalties [2] for insertion and deletions place-
ment, some choose to use Hidden Markov Model-based tools like HMMER [28, 23], which
allows for a more sophisticated gap model at the cost of complexity of the alignment model.
A Markov Model is a graph such that each node is a state and each edge contains a probabil-
ity that the edge will be traversed. A Hidden Markov Model is a Markov Model where the
current state is unknown. A Hidden Markov Model can be used to generate an alignment by
determining the alignment with the highest probability according to the model.
Once sequences are collected by local alignment, they are built into a protein family model
commonly called a multiple sequence alignment (MSA) by using global alignment. Local
and global strategies differ algorithmically in their choice of scoring matrix, their affine gap
penalties, and the treatment of negative numbers when extending an alignment. But in a MSA
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algorithm, the most important issue is in what order, and in what way, each sequence is aligned
to the rest.
1.3.5 Global multiple sequence alignment methods
Sequence-based alignment methods are distinguished from structure-based multiple sequence
alignment methods in that they are “all-to-all” methods, where there is no obvious sequence or
group of sequences that are considered more important a priori. Conversely, structure-based
alignment is a “master and slave” strategy, where new sequences are aligned to a “master”
structure alignment that is based on structural rather than sequential similarity. The sum of
pairs (SP) scoring function involves summing all the pairwise alignment scores implied by the
alignment, and is the simplest method for evaluating a multiple sequence alignment. While
simple, it is computationally intractable to find a near-optimal solution in this search space
using a global search strategy, as there are too many possible alignments to evaluate each one.
A strategy is necessary to generate an alignment in reasonable time.
The most common strategy is the progressive strategy, used by CLUSTALW [75] and T-
COFFEE [64]. In progressive alignment, sequences are evaluated by a precomputed similarity
function and aligned in order such that the most similar sequences are aligned together first.
The order that the sequences will be aligned forms a guide tree that controls the flow of the
alignment process. As the algorithm continues, more sequences are added sequentially to the
growing alignment until all the sequences have been added to the alignment.
This strategy has the major drawback that early errors are propagated as the alignment
grows. Sometimes two alternative alignment choices score equally well and thus the algorithm
selects one of the two alternatives arbitrarily. If such a decision is made incorrectly due to
insufficient information early in the alignment process, new sequences added to the alignment
may also be aligned incorrectly and a systematic misalignment is produced.
Early choices have significant impact on the final alignment, which is why similar se-
quences are aligned first in the hope that they will yield the fewest errors. The iterative align-
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ment, used by MUSCLE [25] and MAFFT [46, 45], strategy was designed to compensate for
systematic errors by adding an iterative refinement step: After the progressive strategy has pro-
duced an alignment, the iterative strategy searches for alternative alignments that may have a
higher optimum score than the current progressive alignment. This post-processing step can
eliminate some of the systematic errors generated by the progressive strategy.
Finally, a more sophisticated sequence-based alignment method is the phylogeny-aware
strategy used by PRANK [57, 58]. This method attempts to infer synapomorphic insertions
and deletions. Phylogeny-aware algorithms use an adjoining phylogenetic tree to attempt to
align homologous residues in gap regions. This results in much longer alignments since a gap
may be composed of multiple independent insertion or deletion events. The important corollary
to this observation is that most alignment methods that do not incorporate a phylogeny aware
strategy will maximize alignment scores by aligning homoplasic positions especially in gap
regions.
1.3.6 Structure-guided multiple sequence alignment
One of the most effective strategies for improving MSA quality is structure-guided alignment.
Members of the same protein family show strong conservation of structure in the catalytic core.
Figure 1.2 is a structure alignment of triosephosphate isomerase that shows the strong structural
superimposition of the protein backbone through the core of the protein family. It is possible
to infer homology between very sequentially-dissimilar proteins using structural information
[42]. Thus structure is a powerful tool for creating alignments in diverse protein families.
Structure-based strategies involve collecting all members of a protein family for which there is
structural data and super-imposing each structurally-homologous residue.
The VAST structure alignment tool [32] is notable because it serves as the structure align-
ment software for the Cn3D alignment tool [40] that is used to curate the Conserved Domain
Database [59]. VAST is able to rapidly identify structural homology and align protein struc-
tures by abstracting a protein structure into major structural elements, helices and sheets, in
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Figure 1.2: Structure alignment of triosephosphate isomerase created and rendered in Cn3D
[40]. Aligned regions are coloured by the rainbow colouring scheme to assist in visualizing the
contiguous protein chain. Structurally divergent regions are coloured grey and are not aligned.
order to reduce the search space. VAST attempts to align the conserved core secondary struc-
tural elements and ignores unstructured surface loops. The structure alignment can be used to
generate a sequence alignment by analyzing inter-α-carbon distances.
This abstraction used to create the structure alignment draws attention to the issue of shift
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errors [47]. The structure alignment may largely superimpose two secondary structural ele-
ments, but the α-carbon superimposition may incorrectly imply a sequence alignment that is
shifted one or more residues towards the N- or C-terminus. From a structural inference per-
spective, these errors are minor and fairly acceptable; from a sequence alignment perspective,
it is a serious error that can be difficult to detect in downstream analyses.
The inferred sequence alignment is the basis for a growing sequence alignment [40]. A
PSSM is calculated from the structurally conserved regions and it is used to align new se-
quences to the structure alignment. As each sequence is added to the original structure align-
ment, the PSSM is recalculated allowing for greater confidence when aligning dissimilar se-
quences. When a diverse protein family has multiple structures from divergent organisms, it is
possible for the PSSM to be calculated such that the diversity of the alignment can be taken into
account and a high quality alignment is made from sequences that would not be alignable from
sequence alone. This strategy is, as mentioned, “master and slave” because new sequences are
aligned to an established structure-based alignment that is assumed to be correct.
When done correctly, structure-based alignments are considered to be of the highest quality
[76]. However, great care must be taken to align the structures carefully, because structure
alignment methods place a much higher emphasis on this original alignment than sequence
alignment methods, which should function more as an all-to-all method. As well, structure
alignment is hampered by the fact that structure is comparatively rare and is expensive to
produce. Furthermore, using structure alignment is not possible if the protein alignment is
being made to create protein structure predictions.
While it is typical to benchmark coevolution methods using structure-based alignments, be-
cause structure is necessary to test contact prediction accuracy and structure-based alignments
are generally considered to be of optimal quality, such alignments are clearly not viable for use
in coevolution-based structure prediction analyses. The presence of a homologous structure
would make homology modelling the most logical strategy for in silico structure prediction,
and make coevolution unnecessary for this purpose. However, the presence of structure data
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in a high quality structure-based multiple sequence alignment does not preclude coevolution
analysis for obtaining novel insights about residue positions important to the protein’s struc-
ture, function, or evolution.
1.3.7 The role of gaps in an alignment
Sequence alignment methods can be split into two broad categories of which there are many
subtypes: those that use additional structural information and those that use only sequence [71].
The differences between these two methods illuminate a schism in the field on the definition
of what exactly constitutes a “homologous position”, which residue in a particular sequence
belongs in that position, and what the exact definition of a gap should be. This disagreement
over such minutiae emphasizes the importance of accurate benchmark alignment databases
for their ability to focus the field on optimizing software development for use on a putatively
correct set of hand-curated, structure-based alignments. From a structural perspective, gap
characters are an alignment artifact.
Figure 1.3 demonstrates gaps from a structural perspective. The surface loop depicted in
Figure 1.3 (grey positions) represents multiple different solutions to the problem of connect-
ing two structurally-conserved segments of the protein (coloured positions). The structural
superimposition of the α-helix and β-sheet regions is apparent and thus the inferred sequence
alignment from these regions is clearly defined. Conversely, the loop that connects these two
regions diverges. The shortest segment connecting the two structured regions is three amino
acids long, and the longest is ten. A subset of the structures may show structural similarity
in this region, but there is not a structurally-homologous position defined for the entire pro-
tein family for any position in this region. A sequence alignment program may align amino
acids corresponding to the structural positions shown based on a substitution model, but such
an alignment is not clearly defined by structural similarity. The documentation for the Cn3D
structure alignment tool explicitly states that these structurally unaligned amino acids will ap-
pear in the sequence alignment as a convenience to the users, but that “nothing can nor should
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Figure 1.3: Structure alignment of a structurally-divergent surface loop (grey) connecting a
structurally-conserved α-helix and β-sheet (coloured) in triosephosphate isomerase. The align-
ment was created and rendered in Cn3D [40]. The structurally-conserved regions are coloured
according to the fit colour scheme. The surface loop region is between three and ten amino
acids long.
be inferred from the apparent ‘alignment’ of residues in the unaligned areas” [14].
Structurally, a gap character literally represents “nothing” since there are no positional co-
ordinates that correspond with the gap position. Thus, methods attempting to infer structural
information from a protein family alignment will often ignore the often-unstructured gap re-
gions [32]. Conversely, to a sequence-based approach a gap can appear meaningful. To a purely
computational analysis, the gap character is simply another character and will be included as
though it were the 21st amino acid [54, 55, 53, 72, 61]. For phylogenetics analysis, gaps do
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contain information, but they cannot be treated as another amino acid [37, 43]. As mentioned,
affine gap scores are used because a single insertion or deletion even can create multiple “gap
characters” in the alignment. The presence or absence, and length of a gap do contain phylo-
genetic information. However, it is common practice to discard all positions containing gaps
before building a phylogenetic tree [37, 43, 73].
1.3.8 Assessing alignment quality
The strategies used by phylogenetics methods when analyzing alignments may be instructive.
GBLOCKS is designed to assess whether a section of an alignment should be included in
the calculations to generate a phylogenetic tree [73]. GBLOCKS assesses the conservation
of a position to determine whether it may contain errors and then determines, based on user
parameters, whether the position should be kept in the analysis. By default, GBLOCKS rejects
positions containing gap characters. It is worth noting that conservation is used to generate the
alignment and to filter which positions should be kept by GBLOCKS. Thus, systematic errors
that occur in the alignment process may not be detected by GBLOCKS or other conservation-
based methods as they have already been validated by the same criterion earlier in the analysis
pipeline.
A major challenge in sequence alignment is the lack of a “correct answer” which can be
experimentally derived in vivo or in vitro. Unlike in silico structure prediction, which can
benchmark against crystal structures, there is no equivalent experiment that can generate a
benchmark dataset. In order to generate such a database by experiment, one would need to
have observed every sequence alteration when it occurred in species that are separated by evo-
lutionary time scales. It is therefore tempting to generate synthetic data on which to benchmark
one’s alignment generation and analysis methods. This strategy must be approached with cau-
tion as one’s synthetic alignment database will be evolved using the same assumptions that
the sequence alignment method uses. This will result in greatly overestimating the alignment
method’s accuracy on biological data. It is crucial to benchmark alignment analysis methods
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against real biological sequences especially from public databases.
There are now many benchmark from which one can obtain demonstration alignments in-
cluding BAliBASE 3 [77], OXBENCH [67], PREFAB [25], and SABMARK [79]. These
benchmarks rely on structural alignments to assert the correctness of the sequence alignment.
However, structure alignments are known for containing shift errors and thus are not com-
pletely reliable [47]. As well, structure alignment algorithms often disagree [36], making it
impossible to guarantee correctness when using structure alignment as a validation criteria.
Robert Edgar highlighted inconsistencies in major protein alignment benchmarks [24]. Ac-
cording to Edgar, SABMARK superfamily alignments contain self-inconsistent placement of
sequences, and BAliBASE contained alignments of non-homologous domains, and groups of
homologous sequences aligned unnecessarily to gaps rather than each other.
1.4 Intra-Molecular Protein Coevolution
1.4.1 Positional non-independence
A common assumption made by sequence analysis tools is that positions within a biological
sequence are independent, despite the overwhelming evidence that they are not [16, 82, 30, 66,
81]. The precise model of sequence change within a protein is still unknown and it likely lies
somewhere on a continuum between two models: The second-site suppression model [82], and
the concomitantly variable codon model (covarion model) [30]. These models were created
while investigating the mutability of various protein families.
During work to establish the genetic code, Yanofsky et al. noted that mutations in trypto-
phan synthetase could be suppressed by changes at a second site [82]. A pattern of changes
emerged wherein the second site suppressors seemed to occur at specific locations. Yanofsky
inferred that, though they were distant in sequence, they were close in three-dimensional space.
Thus, the second site suppression model suggests that mutations tend to be deleterious to func-
tion, but that an amino acid change at a second site could suppress the mutation and restore
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function.
The covarion model proposed by Fitch and Markowitz [30] was developed while they were
investigating seemingly contradictory evidence regarding the neutral theory of molecular evo-
lution [48]. They noted that only 10% of sites in cytochrome c could accept a mutation, which
seemed to contradict the neutral theory that says that most mutations become fixed because
they are selectively neutral to the function of the protein. However, the contradiction was re-
solved by the explanation that as mutations occur in the protein, the set of positions that can
accept a mutation changes. New opportunities for change arise and sites that could previously
accept change become immutable in the new sequence environment.
More recently, Weinreich et al. investigated five β-lactamase point mutations that signif-
icantly increased bacterial antibiotic resistance [81]. Of the 120 possible permutations, they
determined that 102 were inaccessible to selection because they are deleterious. Further, many
of the remaining pathways to the 5 necessary mutations are unlikely to occur because most
do not convey any appreciable resistance. These data suggest that evolution is constrained to
a specific narrow pathway on which it can act. The same group investigated compensatory
mutations in dipteran genomes. Kulathinal et al. describe how residues which cause mutant
phenotypes in Drosophila melanogaster produce wild-type phenotypes at orthologous sites in
other dipteran genomes, suggesting that second site suppression has occurred [51]. However,
they also acknowledge that these compensatory mutations, which occur under high selection
in D. melanogaster, may be selectively neutral under other conditions.
Around the same time, Poon et al. measured the rate of compensatory mutation for 21
randomly-chosen, deleterious point mutations in DNA Bacteriophage ΦX174. They found that
compensatory mutations occurred at a second site (rather than a reversion) in 70% of cases.
They also highlighted intra-protein compensatory mutations that occurred in structurally-local
positions [66]. In an analysis of the same dataset, Davis et al. demonstrated that compensatory
mutations tended to occur near the deleterious mutation in sequence space [18].
An important observation is that both the second site suppression and covarion models im-
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ply that sequence changes affect the positions nearby in three-dimensional space. Yanofsky
et al. postulated that a 36 amino acid segment separating the mutation from the suppressor
facilitated the contact between the two positions [82]. Fitch and Markowitz suggested that
the mutations showed “spatial correlation” was related to selectively neutral changes; for ex-
ample, two positions could accept a change in a selectively neutral manner provided that steric
hindrance was avoided [30]. Both hypotheses imply coevolution is likely to occur between con-
tacting positions in order to generate the compensatory change or alter the context surrounding
the positions in question.
When analyzing a multiple sequence alignment, the first characteristic typically examined
is conservation because a conserved amino acid that it is important to the enzyme’s ability
function [69]. Non-independent positions are clearly also important, but rather than imply an
important position, correlated mutations imply an important, conserved interaction [34]. We
call this type of positional non-independence coevolution.
1.4.2 Coevolution
Coevolution occurs within proteins when two orthologous positions influence one another’s
ability to change over evolutionary time [30]. It is similar to the coevolution that is seen
between species, but it is amino acids influencing one another rather than organisms. At a
coarse level, coevolution between positions within a protein can be detected by a method that
identifies correlations between the positions. Essentially, one needs a method that takes a
multiple sequence alignment as input and outputs pairwise covariation scores, from which one
infers potentially coevolving positions. Unfortunately, correlation between positions within a
protein family is not the only source of covariation between positions in an alignment.
It is important to distinguish between covariation and coevolution as the terms are some-
times used interchangeably to the detriment of the comprehension of the reader. Coevolution is
the biological process through which two positions are actually influencing one another through
evolutionary time. Covariation is the statistical method used to detect correlation between posi-
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tions within a protein. Covariation can imply coevolution, but there are other potential causes.
Atchley et al. suggested that the covariation signal in a protein could be broken down into
many components including phylogenetic, stochastic, structure, function, and interactions [8].
It is possible that even more components exist. For the purposes of identifying coevolution, the
stochastic and phylogenetic components are noise.
Ci j = Cphylogeny + Cstructure + C f unction + Cinteractions + Cstochastic
1.4.3 Coevolution inference statistics
Many strategies exist for inferring intra-protein coevolution. The OMES method compares the
observed frequency of amino acid pairs with the expected frequency based on the positional
frequencies [52, 44]. OMES is a simple method that assumes that non-coevolving positions will
have pair frequencies match the expected pair frequencies based on each respective positional
frequency. This method is often a baseline tool that other tools are benchmarked against.
The McLachlin-based Substitution Correlation (McBASC) involves calculating a substitu-
tion matrix for each position[35]. The matrices can then be compared using a linear correlation
to determine the extent to which each position covaries and the predicted likelihood that the
positions are in contact. While seemingly more sophisticated, practical evaluations show that
it performs approximately as well as OMES.
Statistical Coupling Analysis (SCA) is a perturbation-based covariance method proposed
by Lockless and Ranganathan [56]. Perturbation-based covariance methods are based on sub-
sampling the multiple sequence alignment and comparing results from the subsample with
results from the entire alignment. SCA produces statistical coupling energy, a measure of co-
evolutionary dependence. Dekker et al. noted that the “metaphorical energy” values were not
easily interpreted and thus, produced another perturbation-based covariance method, Explicit
Likelihood of Subset Covariation (ELSC). ELSC improved contact prediction accuracy over
SCA [21].
CAPS, Coevolution Analysis of Protein Sequences [27], is a parametric coevolution method,
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meaning that it is based on a phylogenetic tree. The principal innovation of CAPS is to remove
specific clades from the phylogenetic tree and recompute the coevolution analysis. If a pair
is no longer detected, they classified it as being due to phylogenetic covariation. There was
a division in the field as to whether phylogenetic tree information should be included in a
coevolution-inference. While it is additional information to add to the model, it is also an
additional source of error since phylogenetic trees of large numbers of sequences are neces-
sarily approximations and hypotheses. In practical benchmarks, tree-based methods did not
outperform tree-agnostic methods and thus I did not decide to include them in my own work.
Unlike pairwise methods, Direct-Coupling Analysis (DCA) involves calculating a global
statistical model [61]. While a global statistical model may seem more likely to produce accu-
rate results than a pairwise analysis, many pairwise methods apply corrections that incorporate
an alignment-wide analysis. Although DCA is a recent method and is considered by some to
be among the most accurate, the tool was benchmarked against a modified version of uncor-
rected MI that included gap characters as the 21st amino acid. I will discuss why this results
in poor quality predictions in chapter 4. Thus it is difficult to truly ascertain the accuracy of
DCA. However, benchmarks results do not suggest that DCA significantly outperforms Zpx,
described in chapter 5.
Finally, there is a class of coevolution-inference tools that are based on the concept of
Information Theory. Specifically, Mutual Information (MI) can be used to infer the dependence
of two random variables, and thus can be used with various corrections to infer coevolution.
1.4.4 Mutual Information-based covariation
Mutual information is an Information Theoretic quantity [7, 15] on which many coevolution-
inferring statistics have been based:
MIi, j = Hi + H j − Hi, j
MI is a measure of the dependence of one random variable upon another and is dependent
on Information Entropy: H. Entropy is the measure of uncertainty of a random variable, in this
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case the probability (P) that an amino acid (x) appears at a position in the alignment.
Hi = −∑ P(xi)log20P(xi)
One of the most obvious problems in analyzing sequence alignment positions in a pairwise
manner is the availability of data, since there is often insufficient sequence variety available
within a typical orthologous protein family to adequately identify the “true” probability of an
amino acid occurring at a given position. A “complete” multiple sequence alignment for a
given protein family would consist of every extant orthologous protein, at minimum. Such a
dataset would likely also need to contain all ancestral sequences of the extant dataset, and all
potential descendent sequences. Such a dataset is obviously impossible to collect. Practicality
requires an approximate solution which is found by using the frequency that an amino acid is
observed at a position in place of the probability of it occurring. A pairwise frequency table
for two potentially covarying positions contains 400 entries if all residues are equally likely. If
the two pairs are, in reality, equally and identically assorting, one would need many times that
number of sequences to establish the random assorting with confidence. Some estimates placed
the value needed to assess covariation confidently at greater than ten thousand non-unique
sequences; however, empirical observation shows that a practical minimum is approximately
125 sequences since the generation of reasonable contact prediction accuracy is possible with
that number of sequences [60].
One of the major limitations of MI is that Mutual Information scores form a continuous
distribution and it is difficult to determine where a cutoff should be drawn to differentiate the
putatively coevolving pairs from those that are not coevolving. One strategy often used in
benchmarking is to ignore the absolute MI score, and instead rank all pairs by MI score and
select some fraction of them as the putatively-coevolving pairs. Often the fraction is defined
by the length of the protein, under the assumption that longer proteins are more likely to have
more coevolving pairs. This method is acceptable for benchmarking because the concern is the
relative prediction accuracy of various methods. However, this method is not appropriate for
inferring truly coevolving pairs because there is no way to know a priori how many coevolving
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pairs exist within a protein family or whether it is some function of the length of the protein
family.
Korber et al. used uncorrected MI to look for correlated mutations in a short, variable loop
region of an HIV envelope protein and found a small set of correlated pairs of positions [50].
This work represents important first steps in the application of MI to coevolution-inference.
This early work does not make reference to inter-residue contact and three-dimensional struc-
ture for validation. Instead, it attempts to link the putatively-coevolving residues with func-
tional importance. The authors comment on the generalizability to other protein families.
Clarke analyzed residues in the homeodomain protein family and created a correction to
account for the number of amino acid pairs between positions [13]. This work established the
importance of inter-residue contact as it features a number of strongly-covarying salt bridges.
However, this modified Mutual Information-based statistic yielded unexplained and likely
false-positive results as well. Clarke speculates that the results could be the result of either
statistical artifacts, or truly coevolving positions whose structural or functional role had yet to
be observed.
Atchley et al. used MI to analyze basic helix-loop-helix (bHLH) protein family [8]. They
asserted the importance of low entropy (ie. conserved) positions to the structure of the then-
242 sequence bHLH protein family. Furthermore, they used a parametric bootstrap procedure
to attempt to infer the probability that given covarying pair was covarying due to various com-
ponents of the linear model. For example, very strongly coevolving pairs had a low probability
of covarying predominantly due to the phylogeny component.
Tillier et al. created a correction for MI to compensate for the phylogenetic background
component of covariation by only selecting pairs that covaried strongly with one another, but
not any other groups of positions[78]. This correction was effective at removing some some
pairs that covaried due to shared phylogenetic signal; however, some true positive coevolving
pairs may have been removed by this correction, because it is possible that networks of truly
coevolving residues could form within a protein [30].
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Fodor and Aldrich compared MI (without corrections) to other established methods in 2004
and determined that MI predicted residue contact poorly. MI was slightly worse than SCA
and much worse than both McBASC and OMES at predicting inter-residue contact in PFAM
alignments [31]. They observed that there was little agreement between predictions of the four
major coevolution-inference statistics, and proposed that this was because each method was
“filtering” the positions it analyzed based on conservation (ie. entropy).
Independently, a group at the University of Western Ontario observed that MI scores were
very dependent on the entropy of the positions. This is not surprising because positions that
show more variation are more able to show covariation; positions that do not vary cannot co-
vary, by definition. This is an unacceptable bias for protein alignment data, because many po-
sitions show conservation because of structural of functional constraints. A bias towards high
entropy positions obscures important coevolving pairs and a lower contact prediction accuracy
[60]. They employed a normalization for entropy that decreased the dependence on entropy
and increased protein structure prediction accuracy. Related work by Gloor et al. yielded
a dataset of high quality multiple sequence alignments [34] that were made in the structure-
based alignment tool Cn3D [40], the same tool used to create the Conserved Domain Database
[59]. This is an important development because the alignments found in public databases were
not of sufficient quality to yield reliable predictions with entropy-normalized MI.
Another limitation of uncorrected MI is its inability to account for the fact that all positions
within a protein covary to some degree because of their shared phylogenetic ancestry [8]. If
homologous, every single extant sequence in a family has evolved from a common ancestor.
If each sequence had been evolved independently, then there would be no background phylo-
genetic component. This background phylogenetic covariation can obscure true coevolution
signal.
Dunn et al., also at the University of Western Ontario, provided a more sophisticated cor-
rection that superseded the entropy normalization by removing the phylogenetic covariation
component [22]. The new statistic, MIp, showed a significant increase in contact prediction ac-
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curacy. Dunn et al. concatenated multiple sequence alignments of phylogenetically linked but
non-interacting proteins to empirically observe the background phylogenetic signal between
them. They approximated this phylogenetic signal in a correction called the APC that was
subtracted from the MI score. MIp appeared to approximate a normal distribution. Z-scores
are used to compare the significance of MIp scores between protein families. MIp Z-scores are
referred to as Zp. An outlier in the normal distribution implies that pair violates the assumption
that all pairs of positions are randomly assorting and thus are likely coevolving.
Gloor et al. further explored the phylogenetic placement of coevolving positions by ana-
lyzing the distribution of putatively-coevolving positions on the phylogenetic tree, finding that
the most strongly covarying positions were not characterized by either strong synapomorphy or
homoplasy [33], an interesting result because it had been debated whether coevolution should
be characterized by early fixation with little change due to an evolutionary barrier, or frequent
compensatory mutation with many derived synapomorphies defining many clades.
In conclusion, it is worth highlighting the critical importance of the concept of conserva-
tion to all evolution, but specifically sequence analysis. Conservation of amino acid identity
at given positions is what is used to infer homology, create alignments, infer phylogeny, and
infer the importance of special positions within a protein. When a position shows perfect con-
servation, it is automatically assumed that such a position is important to function lest it was
changed by the random meanderings of evolution [69]. Coevolution can provide similarly im-
portant information about a protein and its positions. Where conservation implies an important
position within the protein, coevolution implies an important interaction between positions.
And coevolution has the potential to play a part in homology inference, alignment creation,
phylogenetic inference, and highlighting residues critical for function. Coevolution has the
potential to be as important to the study of proteins as conservation.
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1.5 Summary
The overarching hypothesis for my thesis was that Mutual Information-based coevolution
statistics depend upon the underlying dataset from which they are generated. Coevolution
statistics contain explicit and implicit assumptions about the nature of the input alignment that
must be understood and respected by the end-user. However, some have attempted to apply
coevolution statistics and trust the results without acknowledging such assumptions and re-
quirements. For example, an early assumption about the coevolution-alignment relationship
was that coevolution predictions were an indicator of alignment quality and that covariation
scores should be maximized when creating a multiple sequence alignment. My goal was to
establish the link between alignment quality and MutualInformation-based coevolution predic-
tions. I have the following objectives outlined in the following chapters:
In chapter 2, I describe in detail the process for reliably creating coevolution predictions
using publicly-available tools, including LoCo, and the MIpToolset, both of which I wrote.
The process involves collecting sequences using local alignment, creating a protein family
alignment using structure-based global alignment, curating the alignment using LoCo to either
remove or realign sequences, and how to analyze the protein family using the MIpToolset,
including the production of a network representation of coevolving positions. It provides guid-
ance and frequent pitfalls for researchers who wish to gain new insights into their protein family
of interest.
In chapter 3, I discuss the algorithmic optimizations made to the MIpToolset for rapid co-
evolution predictions. One of the major challenges of coevolution prediction methods is the
time and memory required to generate predictions for all pairs within a protein sequence. The
matrix-population algorithm in the software adjoining Dunn et al. made database-wide anal-
yses and analysis of large alignments slow [22]. The data structure-based solution described
in chapter 3 allows for rapid analysis and facilitates the real-time editing calculations used in
the LoCo tool described in chapter 6. Thus, chapter 3 is a description of a software package I
wrote and have made available to the molecular coevolution research community.
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In chapters 4 through 6, I address the limitations of MIp and the advances that I made
to coevolutionary inference. Although MIp was a major advance, there were a number of
major limitations. MIp appeared to be very dependent on the alignment: It performed well on
the hand-curated dataset created for benchmarking coevolution statistics, but was inconsistent
when analyzing alignments in public databases. In order for MIp and all of coevolutionary
inference to be beneficial as a general tool, an explanation was needed for why MIp would
produce high-quality predictions for some alignments and not for others. Comparing MIp
predictions to the target structure was an excellent way to benchmark MIp predictions, but is
of little benefit in a priori protein folding.
Large-scale analysis of public databases made possible by the development of the MIp-
Toolset could then lead to an investigation of the reason for the inconsistency of MIp’s per-
formance with the potential for either guidelines for choosing and building alignments for use
with MIp or the formulation of a new version of MIp which was more robust to the heretofore
unknown issues in public gold-standard databases like CDD.
In chapter 4, I investigate the relationship between the treatment of gaps in sequence align-
ments and the predictions of MIp. A commonly-held assumption in the field is that gaps are
an acceptable source of coevolutionary information, and thus many groups include gaps as the
“21st amino acid” in their coevolution inference method despite the fact that the original MIp
description explicitly avoided positions with gaps. Because the assumption about gaps was
untested, I investigated the hypothesis that gaps and gapped positions contain coevolutionary
information and would yield meaningful contact predictions. I rejected this hypothesis; po-
sitions containing gaps do not produce high-quality contact predictions. I explain in detail
the relationship between MIp, the alignment, and how gaps interrupt the analysis and create
false-positive results.
In chapter 5, I continue the investigation of the relationship between the multiple sequence
alignment and the quality of coevolution predictions. I tested the hypothesis that alignment
quality in the form of presence of alignment errors affected the ability of MIp to find predict
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inter-residue contacts. This was supported, though the results were contrary to my assumption
that shift errors would cause a reduction in MIp score, effectively obscuring the coevolutionary
signal. The opposite was true, as systematic alignment errors found in the Conserved Domain
Database greatly increased the MIp score, resulting in a false-positive result. I then investigated
whether it was possible to correct the misalignment would and restore the contact prediction
ability of MIp on that alignment. Finally, I created a new normalization for Mutual Information
that provides MIp-like contact prediction accuracy on public database alignments that could
contain errors. The new covariation statistics Zpx and ∆Zp provide greater contact prediction
accuracy than MIp even in alignments predicted likely to contain systematic misalignments.
In chapter 6, I continue investigate alignment errors and how they relate to coevolution
predictions. I hypothesized that the false-positive MIp pattern described in chapter 5, which I
call local covariation, was repeatable in other multiple sequence alignments such that I could
detect alignment errors using patterns in MIp. A corollary to this hypothesis is that correcting
the misalignment will make the local covariation pattern go away, and thus I also investigated
whether MIp could be used as a guide to find the correct alternative alignment. I analyzed
the benchmark alignment database BAliBASE 3, and found many instances of high local co-
variation. When I investigated specific alignments for which there was structural evidence to
determine the correct alignment, I found that the alternative alignment suggested by local co-
variation was supported by the structure, and that the alignment in BAliBASE 3 contradicted
the structure. Chapter 6 also includes a description of my software tool LoCo, which is freely
available online. LoCo provides real-time calculation and display of sequence-local MIp, called
“local covariation”, to identified potentially misaligned segments in a sequence alignment in a
user-friendly graphical interface.
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Chapter 2
Methods
Summary
Positions in a protein are thought to coevolve to maintain important structural and functional
interactions over evolutionary time. The detection of putative coevolving positions can pro-
vide important new insights into a protein family in the same way that knowledge is gained
by recognizing evolutionarily conserved characters and characteristics. Putatively coevolving
positions can be detected with statistical methods that identify covarying positions. However,
positions in protein alignments can covary for many other reasons than coevolution; thus, it
is crucial to create high quality multiple sequence alignments for coevolution inference. Fur-
thermore, it is important to understand common signs and sources of error. When confounding
factors are accounted for, coevolution is a rich resource for protein engineering information.
A version of this manuscript has been accepted for publication.
RJ Dickson, GB Gloor. (2013). Bioinformatics Identification of Coevolving Residues. Methods in Molecular
Biology. In press.
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2.1 Introduction
Families of aligned proteins are a rich resource of structural, functional, and, evolutionary
information. A standard intuition about homologous protein families is that evolutionarily
conserved features structural or sequential positions and motifs can be seen as functionally
important; if not, they would have changed through the random meanderings of evolutionary
change [21, 22]. The critical point is that mutations may occur in a probabilistically random
fashion, but the process by which they are maintained is non-random. Mutations that are
detrimental to fitness are less likely to be retained. Thus conserved features are hypothesized
to correspond with functional importance [23].
Intra-molecular coevolution coevolution within a protein sequence is potentially as robust
a heuristic as conservation to determine functionally important positions. While conserva-
tion indicates catalytically critical residues (like Serine in a Serine Protease) or critical residue
properties (like the acidic residues occupying the catalytic site of a LAGLIDADG homing en-
donuclease), it cannot easily indicate context dependent conservation or conserved interactions.
Coevolution analysis is a statistical method that identifies important structural and func-
tional interactions from sequence. Coevolution is detected by identifying covariation between
homologous sequence positions within a protein family. Coevolving positions have been shown
to be much more likely to be in contact than chance; the coevolution-contact relationship is
supported by the hypothesized mechanisms of protein evolution.
While coevolution tells us much about a protein, it depends entirely on the protein align-
ment from which it extracts information. Alignment errors resulting from both sequence col-
lection and sequence shift result in false positive results in not only coevolution inference
[8, 10], but also phylogenetic inference [32, 9]; many coevolution statistics cannot differentiate
between covariation due to error or real evolutionary signal.
The sensitivity of coevolution statistics to error creates a necessity for protein family align-
ments of the highest quality. Errors in analysis can easily propagate and lead to false conclu-
sions. There is a major tradeoff in sequence selection because the inclusion of homologous
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proteins with non-identical function (eg. paralogues) can lead to false-positive identification
of coevolving pairs [7]; conversely, it is crucial to maximize the number and diversity of the
sequence alignment in order to produce accurate predictions [27]. Furthermore, the alignment
of the putatively orthologous members of the protein family is equally crucial as alignment
errors are known to produce false-positive results [8, 10].
Manual curation of an alignment, inspecting and revising an alignment by shifting and
deleting sequences after the initial alignment procedure, is a crucial step to obtaining the high-
est quality coevolutionary signal. Several recent studies have shown that human curators out-
perform automated algorithmic solutions on protein structure and alignment problems [18, 20].
The drawback of manual curation of a protein alignment is the additional time needed and the
potential for human error; in a large alignment it is easy to overlook alignment errors. The
compromise solution between automation and accuracy is covariation-guided curation, where
software identifies the potentially erroneous region, but a curator is required to make a ultimate
decision on the final alignment. LoCo [9] uses a covariation-based heuristic, local covariation,
to identify systematic misalignments within a modified Jalview [5, 33] interface for real-time
alignment editing.
Herein we describe how to collect sequences using PSI-BLAST [24], build a structure-
guided master-slave sequence alignment using Cn3D [17], refine that alignment using LoCo
[9], calculate coevolutionary statistics using the MIpToolset [7], and finally visualize the net-
work of coevolving pairs in contact map and network format. This analysis pipeline is thorough
and complete and has lead to the identification of putative coevolving pairs in many protein
families. However, the pipeline can also be viewed as somewhat modular, in that it is possible
for an expert user to replace a given step of the analysis with a different methodology. For
example, Hidden Markov Model-based homologue collection [30, 13] may provide a different
set of homologous protein sequences than PSI-BLAST [2], and pre-computed alignments like
those in CDD [26] and PFAM [31] can be used as time-saving resources; likewise, there are
many different sequence alignment methods including MAFFT [19], or PRANK [25] which
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could be used in place of MUSCLE [14] to align sequences when no structural information is
available. Nonetheless, we must advise caution when making such substitutions in the analysis
pipeline. Coevolution analysis is not robust to the many sources of error that routinely arise in
homology detection and sequence alignment [11]. Thorough analysis in early steps will yield
more reliable coevolution data.
2.2 Materials
Since this is a bioinformatics approach, the only physical requirement is a computer with a
working Internet connection. All software and databases are freely available online. Some
required software expects a Unix-like interface, so Mac OS X and Linux users should find
the set-up straightforward; Windows users will have to emulate this by installing additional
software for certain steps.
2.2.1 Computer and general-purpose software
1. Computer with an operating system that has a Unix-like interface. Common examples of
Unix-like operating systems include Mac OS X and Linux. This solution has been tested on
Mac OS X 10.5 through 10.8 and Ubuntu Linux. Windows users, see Note: 1.
2. GCC, the GNU compiler collection, is used to build some software outlined later
(http://gcc.gnu.org/). The gcc compiler and make utility are necessary to build some platform-
agnostic tools from source code. See Note: 2.
3. Perl: a programming language commonly used in bioinformatics applications
(http://www.perl.org/get.html) and pre-installed on most Unix-like operating systems.
4. Java: a common portable programming language (http://www.java.com/en/).
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2.2.2 Sequence collection tools and databases
1. Target sequence: the FASTA sequence of a protein you are studying or of a representative
member of the family that you are studying. See Note: 3.
2. Target structure (optional): the PDB ID of the 3D structure of the target sequence or an
orthologue of the target sequence. If a structure is available, we will build an alignment using
section 2.3.3a. If a structure is not available, we will use sequence-only tools for building the
alignment in 2.3.3b.
3. PSI-BLAST (Position-Specific Iterated Basic Local Alignment Search Tool) is a search
tool designed to infer sequences that are homologous to a query sequence [24]
(ftp://ftp.ncbi.nih.gov/blast/executables/LATEST/). It is available as part of the BLAST+
package. Executables are available for many different operating systems.
4. There are many databases available for sequence collection. Suggested databases for
this pipeline include nr and optionally nr env (ftp://ftp.ncbi.nih.gov/blast/db/). See Note: 4.
5. readseq is a Java-based bioinformatics file format conversion tool 9,10,21. Download
readseq.jar from (http://iubio.bio.indiana.edu/soft/molbio/readseq/java/).
2.2.3 Sequence alignment tools
1. Cn3D is a structure-guided sequence alignment tool
(http://www.ncbi.nlm.nih.gov/Structure/CN3D/cn3dinstall.shtml) used to build and curate
the CDD database [26].
2. MUSCLE is an iterative sequence alignment tool (http://www.drive5.com/muscle/) [14]
which seems to have parameters well-suited for creating protein alignments for coevolution
analysis at the time of publication of this manuscript.
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2.2.4 Alignment curation tools
1. LoCo [9] (http://sourceforge.net/projects/locoprotein/) is a modified version of the popular
Jalview [5, 33] alignment tool. LoCo is used to curate (ie. validate and improve) protein
alignments. See Note: 5.
2.2.5 Coevolution analysis
1. The MIpToolset [11, 7] (http://sourceforge.net/projects/miptoolset/) is a collection of C and
Perl programs that calculates several popular Mutual Information-based coevolution metrics,
MI [3, 6], MIp/Zp [12], Zpx [8], and ∆Zp [11].
2. Graphviz is visualization software used to display networks of coevolving residues [15]
(http://www.graphviz.org).
3. R is a statistical programming language which can be used to plot contact map and
contact map figures [29] (http://www.r-project.org).
2.3 Methods
2.3.1 Building and installing bioinformatics tools
1. Download LoCo from (http://sourceforge.net/projects/locoprotein/) and the MIpToolset
from (http://sourceforge.net/projects/miptoolset/). Unzip these programs into the desired in-
stall location (eg. your bin or Applications folder).
2. Build LoCo by following the directions in README LoCo.txt, which is in the main
LoCo directory. In brief, open a Terminal window on your computer. Change directory (cd) to
the location where LoCo was unzipped. Then change directory to the
dist/MIpToolset jalview/MIP C CODE/
directory and then type make to build the program.
3. The MIpToolset is built similarly; instructions are found in the README file and ad-
2.3. Methods 47
ditional information is found in the DOCUMENTATION folder. Inside the main MIpToolset
directory is a directory called MIP C CODE. Change directory to the MIP C CODE subdirec-
tory and run make, by typing make into the terminal. This will read the makefile and build two
programs which calculate coevolution statistics and inter-residue distances, MIp and dist pdb.
An MIpToolset wrapper Perl script will access MIp, dist pdb, and other Perl scripts when cal-
culating covariation scores.
4. Additionally, you should make sure to add the installation directory to your $PATH
environment variable by following the directions according to your operating system.
2.3.2 Collecting protein sequences and structures
1. Search for protein sequences that are homologous to your target protein by running the
PSI-BLAST program installed in section 2.3.1.1. See Note: 6.
2. Store your target sequence in FASTA format in a file called “target.fa”. See Note: 7.
3. Download the nr and nr env databases and store them in an accessible directory like
/data/. See Note: 4.
4. Select an initial Expectation value (E value) cutoff by using the following heuristic:
1E-X where X is (the length of the target sequence / 10). Round X to the nearest whole
number. For example, if the protein is 200 residues long, choose 1E-20. See Note: 7.
5. Run PSI-BLAST by executing the following from the terminal with several substitutions:
blastpgp -i target.fa -j 12 -d DATABASE PATH -m 4 -e E VALUE -I t -o psiblast.out
Substitute DATABASE PATH with the location of the nr database and the name of the
database from step 2.3.2.3; for example, if the database is stored in /data/ then replace DATABASE PATH
with /data/nr. Replace E VALUE with the value selected in 2.3.2.4; for example, 1E-10 if the
protein length is 100.
Therefore, an example with substitutions is:
blastpgp -i target.fa -j 12 -d /data/nr -m 4 -e 1E-10 -I t -o psiblast.out
6. Ensure that the PSI-BLAST converged by inspecting the psiblast.out file created by the
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blastpgp command.
7. Convert your blast output into FASTA format using readseq.jar. This program is a java
archive (.jar) file and is run from the command line terminal using Java. In the following,
it is assumed that the readseq.jar file is in the current directory; if it is not, simply replace
readseq.jar with the relative or absolute path to the file. Type the following into the command
line terminal:
java -jar readseq.jar -degap=- -f 8 psiblast.out
which should create the file psiblast.out.fa.
8. Inspect your alignment to determine whether you have enough sequences to continue.
Ideally, you want at least 150 orthologous sequences with less than 90% sequence identity, so
you should have approximately three hundred sequences in the dataset as a minimum to ensure
sufficient sequences following the downstream filtering steps. Consider completing section
2.3.2 again using nr env in place of nr to collect even more sequences.
2.3.3 Building a structure-guided sequence alignment (Alternately, use
2.3.4 for a sequence-only alignment if no structure is available.)
1. Network Load your target structure in Cn3D by selecting the Network Load option from
the File menu and entering either the PDB or MMDB identifier. This will render the protein
structure in the open Structure Viewer window and open the corresponding sequence in the
Alignment Viewer window. See Note: 9.
2. Adjust the appearance of your target structure by selecting Style → Rendering short-
cuts→ Tubes, which aids in comparing structural alignment, and Style→ Coloring shortcuts
→ Sequence Conservation → Fit, which colours the sequence and structure according to the
position specific scoring matrix (PSSM) of the sequence alignment. See Note: 10.
3. Open the Import Viewer window by selecting Imports → Show Imports. Arrange your
windows so that the Structure, Alignment, and Import windows are all visible. Import new
structures into the Import Viewer window by selecting Edit → Import Structure and then Via
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Network to enter the PDB or MMDB identifier, or From a File followed by a .pdb file (Figure
3.1). See Note: 11.
Figure 2.1: Screenshot of the three windows comprising the Cn3D workspace showing an
analysis of the LAGLIDADG Homing Endonuclease family. The Structure Viewer window
(top left) shows a protein structure alignment of the protein family. The Sequence Viewer
window (bottom) shows the sequence alignment which corresponds to the structure alignment
with additional sequences from the protein family. The Import Viewer window (rop right)
shows sequences which have have been imported into Cn3D, but have not been added to the
sequence alignment.
4. Attempt to Merge All the new structures from the Import Viewer into the Alignment
Viewer by selecting Alignments → Merge All. There may be conflicts when your new struc-
tures are imported (residues highlighted in pink in the Import Viewer); conflicts will prevent
structures from being added to the Alignment Window via the Merge All command.
5. Cn3D separates an alignment into block and gap sections, defined by the row labeled
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blocks located above the alignments in the Alignment Viewer. View the blocks in the Alignment
Viewer by selecting Edit→ Enable Editor. Each block defines a structurally conserved segment
of the alignment which cannot accept insertions or deletions. Adjust the each block in the
Alignment Viewer so that the new structures in the Import Viewer no longer conflict; Split,
Merge, Create, Delete (under the Edit menu), and Horizontal Drag (under the Mouse Mode
menu) the blocks to resolve all pink conflicts in the Import Viewer window. See Note: 12.
6. Transfer the structures from the Import Viewer into the Alignment Viewer by selecting
Alignments→ Merge All in the Import Viewer window. Save your work to a file by selecting
Save from the File menu in the Structure Viewer window. After saving, re-open the file to view
the imported structures. Cn3D will not render the newly imported structures until the structures
are merged into the Alignment Viewer and the file is saved and re-opened.
7. Select File → Realign Structures to superimpose the newly merged structures in the
Structure Viewer as defined by the sequence relationships in the Alignment Viewer. Repeat this
step whenever a change is made to the blocks or any structure in the Alignment Window, to
update the structure alignment. See Note: 13.
8. Now that all structures are visible, revise the blocks to reflect the structural diversity of
the protein family. Each block defines a conserved and critical structural feature that cannot ac-
cept insertions or deletions. Adjust the blocks in the Alignment Viewer so that they correspond
to the structurally conserved core of the protein. Create gaps between the blocks in regions of
structural divergence where insertions or deletions would be tolerated. As in step 5, use the
options in the Edit and Mouse Mode menus to make changes. See Note: 14.
9. Structure alignment algorithms are vulnerable to shift errors, where major structural
elements are superimposed, but individual residues are not (Figure 3.2); for example, two β-
sheets may be superimposed, but in a configuration where aligned residues sidechains point
in opposite directions. Search the alignment for shift errors by highlighting aligned residues
(Mouse Mode → Select Column in the Alignment Viewer) and examining the corresponding
structural alignment in the Structure Viewer; highlighted residues are highlighted in yellow in
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both windows. Select alternate residues in the Structure Viewer by double clicking. Use both
sequence homology and structural evidence to revise the structure alignment. Be thorough, as
errors at this step will be propagated through the rest of the alignment creation process.
Figure 2.2: An example of a shift error added to a segment of a LAGLIDADG alignment. A
vertical column in the sequence alignment was selected which highlights the corresponding
residues in yellow in the Structure Viewer. One of the structures helices is out of alignment by
1 residue turn. This should be corrected by shifting the corresponding sequence in the sequence
alignment.
10. Import the sequences collected by PSI-BLAST by selecting Edit→ Import Sequences
from the Import Viewer window; then select From File and finally the name of the PSI-BLAST
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fasta file. These imported sequences will behave as the structures did in this window.
11. Align the new sequences to the target structure by selecting Algorithms→ Block Align
N; this procedure aligns sequences in the Import Viewer to the PSSM of the sequence alignment
in the Alignment Viewer. After the block align procedure is complete, merge the sequences that
fit with the existing block model. See Note: 15.
12. Sort the sequences by selecting Edit → Sort Rows → By Score and then Edit → Sort
Rows→ Float PDBs in the Alignment Viewer window. Inspect the alignment in the Alignment
Viewer. The Fit colouring scheme will colour residues red that fit will with the PSSM for
that position and blue for residues that fit poorly. Each sequence in the Alignment Viewer
contributes to the PSSM, so poorly aligned sequences should be moved back to the Import
Viewer by selecting Imports→ Realign Rows from List.
13. In the Import Viewer perform a Block Align N to realign the sequences to to the ex-
panded PSSM defined by the Alignment Viewer. Once again Merge All the sequences into the
Alignment Viewer.
14. Repeat steps 12 and 13 iteratively until the alignment in the Alignment Viewer contains
as many homologous sequences that will fit with both the block model and the sequence fit.
See Note: 16.
2.3.4 Creating a sequence-only alignment (Alternately, use 2.3.3 for a
structure-guided alignment.)
1. Run muscle on the collected sequences by opening a command line terminal and running:
muscle -in psi blast.fasta -out alignment.fasta
where psi blast.fasta is the file containing the FASTA-formatted sequences you collected
in step 2.2.3.2. See Note: 17.
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2.3.5 Curating and validating an alignment
1. Follow LoCo instructions to start the software; enter the LoCo directory and run the shell
script by typing: . /run loco.sh
Open your alignment from the File menu by selecting Input Alignment - from file. See
Note: 18.
2. Set the colour scheme from the Colour menu; it is good to start with a general-purpose
colour scheme like Zappo. Zappo colours the sequence by amino acid properties so patterns
can emerge visually. See Note: 19.
3. Sequences are manipulated in LoCo (and Jalview) as follows: Selected sequences are
moved up and down within the alignment using the up and down arrow keys. Sequences are
deleted from the alignment by selecting a sequence name and pressing delete/backspace on the
keyboard. Specific regions of the sequence are altered by selecting the residue(s) in a red box
by left clicking and dragging; the selected area is where the sequence alterations will occur.
To delete the selected residues or gap characters, press delete/backspace. To realign a selected
region, hold control on the keyboard while left clicking and dragging; you must select some
gap characters when realigning sequence in order to have empty space to move the residues
into. These operations will be used during the curation process. See Note: 20.
4. Identify and remove incomplete sequences by examining the alignment and looking for
sequences that are not long enough to span the length of the alignment. Truncated sequences
in the N and C termini should be removed. See Note: 21.
5. Inspect each column for gap characters in the overview window and delete and sequences
that are missing crucial parts of the protein. The inclusion of a gap character at a position is
the implicit acknowledgement of structural uncertainty at that position; in order for a position
to be analyzed, sequences that contain gaps at that position must be deleted. See Note: 22.
6. Under the alignment, there is a heuristic for judging the quality of the alignment at that
position, Local Covariation. Local Covariation identifies regions of a protein that are likely
to be misaligned. Use Local Covariation as a guide to inspect positions in the protein (Figure
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2.3).
A B
Figure 2.3: Realigning sequences using LoCo. Panel A: A screenshot of the LoCo workspace
area which includes a misalignment. The misalignment can be identified by the high local co-
variation seen in the Local Covariation histogram below the sequence alignment itself. Panel
B: A screenshot of the corrected alignment shows improved conservation, reduced local co-
variation, and improved alignment according to the Zappo colour scheme.
7. In each position that has high local covariation (a yellow-coloured bar) complete this
procedure. Select the region of local covariation (which includes the contiguous positions with
a yellow bar and 5 positions to the right) and select Calculate→ Calculate Tree→ Neighbour
Joining Using % Identity from the menu bar. Then select Calculate→ Sort→ by Tree Order.
Inspect your newly clustered region for positions that appear to be shifted out of alignment
and realign them as outlined in step 3. If the realignment is correct, the local covariation score
should go down. See Note: 23.
8. Another potential source of local covariation signal is the inclusion of paralogous se-
quences, sequences that are similar by because of shared ancestry, but have diverged due to
a gene duplication event and now have a new function. Removing paralogous sequences can
also decrease the local covariation score and increase downstream accuracy.
9. Finally, identify and remove any sequences that do not conform to known properties of
the protein. For example, serine proteases should contain a serine in the catalytic position, or
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LAGLIDADG homing endonucleases should contain acidic residues in the catalytic positions.
10. Restore the target sequence to the beginning of the alignment by selecting it and using
the up arrow key to move it back to the top. Save a copy of this alignment.
11. Trim your alignment by selecting the column which contains the first residue in the
target structure and click Edit → Remove Left. Trim the C-terminus by selecting the column
containing the final residue in the target sequence and clicking Edit→ Remove Right.
12. Remove redundant sequences by selecting the entire alignment (Select → Select All)
and then clicking Edit→ Remove Redundancy. Then adjust the redundancy threshold to 90 and
then click Remove. Save this alignment; it will be used as input for the coevolution analysis.
Be careful not to remove your target sequence when removing redundancy as it is required for
ensuring that numbering is correct in section 2.2.3.5. It is crucial that at least 125 sequences
are in the final alignment.
2.3.6 Coevolution analysis
1. Ensure that your alignment has enough sequences and ungapped positions to perform a
coevolution analysis. At this point the alignment should contain at least 125 sequences and at
least 50 ungapped positions.
2. Ensure the programs MIp.pl, MIp, and dist pdb have been compiled and placed in the
$PATH shell variable. You can verify this by typing each of the program names into your shell
interface which will print out a help message for MIp.pl and a brief message from MIp and
dist pdb.
3. Run the following if you have a pdb file:
MIp.pl -i alignment.fasta -o coevolution.txt -d T -p pdb file.pdb -e 0.001 -a 1
Run the following if you do not have a pdb file
MIp.pl -i alignment.fasta -o coevolution.txt -d F -e 0.001 -a 1. See Note: 24.
4. Verify that MIp.pl has executed successfully by examining the main output file, count
file and three .dot files.
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5. Open the MIpToolset output file and verify that the aa c and aa d columns correspond
to the PDB i and PDB j columns respectively. These columns represent the residue identity at
the assigned number in the sequence and structure. If these values do not align, this means that
the sequence and structure begin numbering in two different places; not all proteins begin their
numbering at 1. Use the -a option to set the offset between the sequence and PDB numbering.
See Note: 25.
2.3.7 Visualizing and interpreting results
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Figure 2.4: A network representation of coevolving residues. This network represents a small
portion of a full network of coevolving residues from the LAGLIDADG Homing Endonuclease
protein family. Each node in the network corresponds with a residue position in the sequence
alignment, labeled by both residue number and identity. Each edge in the network represents a
potential interaction via coevolution. Edge thickness corresponds to the coevolution score, (in
this case the coevolution statistic Zpx). Edges are labeled by coevolution score, followed by
inter-residue distance measured in angstro¨ms in parentheses.
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1. The raw data is produced as a tab-delimited table so it is viewable in a standard spread-
sheet program or statistical programming language. Excel users can append .xls to the end of
their coevolution output (eg. coevolution.txt.xls) to make Excel interpret the file as an Excel
Spreadsheet. The data can be explored by sorting in descending order in the Zp, Zpx, and ndz
(which is ∆Zp) columns. See Note: 26.
2. MIpToolset will create files with the extension .dot appended to the end of the given
output file name. Open these files in graphviz to see the network of potentially coevolving
residues as defined by the coevolution statistic. Labeled circles represent positions in the pro-
tein alignment numbered according to the target sequence/structure. Lines connecting circles
represent covariation; line thickness indicates the strength of the coupling (Figure 2.4). See
Note: 27.
3. Visualize the coverage and accuracy of your results by plotting the data in contact map
format. Create an XY Scatter-style plot where the x and y axes are defined as positions in the
protein and open circles represent positions less than 6 angstro¨ms apart in structure. Then plot
smaller filled circles as the top-scoring pairs according to the selected coevolution statistic.
The coevolution prediction coverage and correspondence with residue contacts provides an
indication of the quality of the predictions by the coevolution statistic (Figure 2.5). See Note:
28
2.4 Notes
1. Windows users have a number of options for creating a Unix-like interface. One option is to
install Linux on the Windows machine eg. Ubuntu (http://www.ubuntu.com/). Another option
is to install Cygwin, a program that emulates a Unix-like interface without installing a new
operating system (http://www.cygwin.com/). Both of these options work with this method,
however a native unix-like environment is preferred and the Cygwin workaround is not sup-
ported. If you are going to use the Cygwin workaround, make sure that you install the sequence
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analysis tools in a directory where Cygwin has the ability to read and write; also, make sure
that Cygwin and the other bioinformatics tools are not blocked by your anti-virus software.
2. gcc is a program that builds software tools from source code. There are many ways
to install gcc on your respective platform. For Mac OS X users, gcc is included as part of an
add-on to the Xcode tool available on the Mac App Store, presently. Download Xcode from the
App Store (https://itunes.apple.com/ca/app/xcode/id497799835); once Xcode is installed, the
Command Line Tools are available from the Downloads section of Preferences. For Ubuntu
users, type apt-get install gcc into a terminal window to download gcc. For those using the un-
supported Windows Cygwin workaround, gcc is installed using the same setup.exe that installs
Cygwin itself. Install gcc as is instructed for your respective operating system.
3. Your target sequence is ideally the wild-type sequence for your protein family of interest
from the species of interest. In most cases this will be the human sequence, but in others it may
be from the model organism you are studying or corresponds with a crystal structure you are
interested in.
4. BLAST databases are split into multiple files, but addressed through the BLAST com-
mand line interface through the database name only. For example, the nr protein database
is split into numbered files labeled nr.00.tar.gz, nr.01.tar.gz, nr.02.tar.gz. These files can be
downloaded through your web browser, favourite FTP client, or through the update blast.pl
Perl script included in the aforementioned BLAST+ suite. Details are available from NCBI:
ftp://ftp.ncbi.nlm.nih.gov/blast/documents/blastdb.html
5. Discriminating homology (sequences similar by common ancestry) and non-homologous
analogy (sequences similar by convergence or coincidence, ie. homoplasy) is a major challenge
of bioinformatics. It is critical to understand that sequence similarity and not sequence anno-
tation must be used to collect homologues. Annotation errors or incomplete annotations will
lead to an erroneous and incomplete final protein family alignment. The ubiquitous BLAST
tool [1] can be used to infer homology by sequence similarity, but struggles to identify highly
diverged homologues because it uses generic substitution matrices like BLOSUM [16]. PSI-
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BLAST uses a similar search strategy, but builds position-specific scoring matrices tailored to
the protein family over multiple iterations of searching [2]. The PSI-BLAST strategy improves
detection of divergent homologues.
6. PSI-BLAST is similar to BLAST in that it is a software tool that searches for homolo-
gous protein sequences; however, PSI-BLAST uses an iterative search strategy which improves
detection of sequentially dissimilar homologues. Briefly, PSI-BLAST employs a Position-
Specific Scoring Matrix (PSSM) which defines how favourably an amino acid will be scored
on a position-by-position basis as defined by the growing alignment of matches. PSI-BLAST
performs multiple rounds of searching; an updated PSSM calculated and used each round.
The fact that custom scoring matrices are used for each position in the protein rather than a
generic scoring matrix generated by averaging across many positions in many proteins gives
PSI-BLAST an advantage in detecting homology [2].
7. While the precise cutoff value for your PSI-BLAST may need to be revised, the starting
point provided in 2.3.2.3 is a good heuristic. If the search returns too many dissimilar sequences
(ie. paralogues), then make the search more strict. Conversely, if the search returns too few
sequences, make the search less strict. To increase the speed of the search for the ideal cutoff,
first adjust the E value by several orders of magnitude and observe the effect; much time is
wasted gradually changing an E value by a factor of 2 or 3. Determining whether sequences
are orthologous or paralogous is difficult and requires knowledge about the protein family. A
lower score compared to the rest of the protein family may indicate homology with functional
divergence. Other evidence includes 1) bidirectional top matches between two organisms, 2)
including only one sequence per organism, and 3) the absence of critical functional residues
may indicate alternate function and thus paralogous sequences.
8. If your protein family is well-studied, there may be an existing Conserved Domain [26]
or PFAM [28] available as a starting point. Search the Conserved Domain Database (CDD)
(http://www.ncbi.nlm.nih.gov/Structure/cdd/cdd.shtml) for your target protein family. If an
entry exists, open the CDD structure alignment by expanding the Structure section, selecting
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the maximum value for Aligned Rows and clicking the Structure View button. You will still
need to perform the curation steps as even these database alignments can contain errors.
9. Cn3D uses a Position Specific Scoring Matrix (like PSI-BLAST) to indicate alignment
quality and align sequences that do not have structural information. Each position in the align-
ment has a different scoring matrix which defines which residues are deemed favourable or
unfavourable. The PSSM is calculated based on all the sequences included in the Alignment
Viewer.
10. When choosing structures to import, the goal should be diversity. An attempt should
be made to include structures which encompass the diversity of the protein family.
11. The strength of Cn3D as tool for creating protein family alignments is its ability to
explicitly define regions of structural similarity and divergence. The underlying hypotheses of
coevolution analysis are structural in nature, as inter-residue contact is used as a proxy for co-
evolution when benchmarking covariation statistics. Thus a structure-based view of homology
is critical when creating alignments. The goal of creating a Cn3D alignment is to maximize
the number of structurally-defined positions that are conserved among the entire protein fam-
ily this is the function of the Block regions. Defining a position within a block, the aligner
asserts that this position is structurally defined and required for membership in the protein
family. Understandably, parameters of the protein family will dictate the number and length
of each block region: a recently-derived, well-conserved, orthologous protein family will con-
tain fewer, longer blocks, with fewer shorter gaps, while a more diverse and diverged family
will contain fewer, shorter blocks and numerous longer gaps. As a general rule, the core of
the protein should be easily defined in blocks as there is less structural divergence; conversely,
segments of unstructured surface loops typically are not included in blocks, as they accept in-
sertions and deletions, and are less likely to be structurally superimposable, and thus, defined.
Structurally speaking, alignment within diverged gap regions is not meaningful because ho-
mology cannot be inferred. The Cn3D documentation advises that only regions within blocks
are considered aligned; this is why positions that contain gaps are not included in a coevolution
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analysis by the MIpToolset.
12. The structure alignment superimposition is defined entirely by the sequence alignment
window. The structures are rigid and will be rotated and translated relative to one another
in order to minimize the distance between alpha carbons of residues which occupy the same
column in the alignment window. The menu command File → Realign structures must be
selected every time you want the Structure Viewer window to be updated to reflect the current
Sequence Viewer alignment. Normally, the structural superimposition reflects all positions in
block regions in the sequence alignment; however, it is also possible to further restrict the
structure alignment to highlighted/selected positions. This option is very useful in determining
whether a segment of the alignment is structurally acceptable: an incorrectly aligned segment
may appear to be aligned correctly because other correctly aligned positions will outvote the
poorly aligned segment and create the illusion of correct structural superimposition between
the rigid structures. To align based on a single segment, highlight it and answer Yes to the
prompt; to align based on all block positions, answer No.
13. The placement of block regions is critical for generating a high quality alignment.
While the blocks that are already defined in the Conserved Domain Database (CDD) [26] are
generally very good, they are subject to human error and potential misalignments have been
identified [11, 9] that could be attributed to human error in this important step: setting the
blocks to reflect structural conservation. Blocks should extend across the conserved core of the
protein, through any region that would not accept an insertion or deletion without drastically
affecting the protein fold. Secondary structural elements should individually be included as
a single block; although rarely alpha helices can accept a single residue insertion which will
require a block to be split. Regions of structural divergence should not be included in blocks.
These include surface loops, long unstructured linker regions, and sometimes the N- and C-
termini. It is not uncommon to see a secondary structural element at a terminus need to be
excluded from a block because a wild-type orthologue does not contain this structure.
14. It is possible for the majority of sequences to not merge because the structures available
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in the structure alignment imply a block model that is too restrictive. If a conflict exists in a
region of structural conservation where a gap is structurally possible, though not observed, con-
sider splitting the block to allow the small insertion or deletion in that region. Likewise, watch
out for structured, though non-critical, N- and C-terminal features which can be excluded from
the block model; though, do not delete important features at either terminus because partial
sequences will not merge. As the curator, it is your job to make these important interpretations
for your protein family.
15. With each iteration, the PSSM encompasses more diversity within the protein family
and (when done properly) includes fewer errors. Multiple iterations are required because dis-
similar members of the protein family are likely misaligned in the initial iterations, but will be
correctly placed once the PSSM represents the entire protein family accurately.
16. While it is still possible to obtain a high quality set of coevolution predictions using an
alignment built from sequence alone, it is more difficult than using a structure based alignment.
A greater emphasis will need to be spent on step 2.2.3.4, Curation, if step 2.2.3.3b is used
instead of 2.2.3.3a. As well, it is difficult to evaluate the accuracy of the predictions; the
standard benchmark is to use the fraction of pairs of covarying positions above a threshold that
are in contact as a proxy for true coevolution. Some even infer indirect coevolution between
non-contacting pairs if other comparably scoring pairs are in contact [4]. Without structural
information, this evaluation is impossible.
17. For some users, an example file will automatically open many more windows than is
necessary for LoCo to function on an unrelated example protein family. This will happen every
time upon start up unless it is disabled. Uncheck the box located in Tools → Preferences →
Visual→ Open File to disable this example file upon start up of the tool. Close and reopen the
program.
18. It is possible to get a holistic view of the alignment by using the Overview Window.
This window provides rapid navigation by clicking on the region you wish to travel to. As
well, it provides a way of looking for alignment abnormalities without scrolling through the
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entire alignment in detail. Some problems will be more apparent more quickly in the Overview
Window. Look for sequences with long gaps or abnormal gap placement. As well, look for
sequences that do not fit with the coloured motifs of the other sequences. A sequence that
looks like it doesnt belong likely contains a shift error or is not homologous. The ideal setup
for curating an alignment is across two monitors: 1 monitor for editing the alignment and one
for examining the entire alignment in the Overview Window.
19. If the Local Covariation bar is empty for the entire length of your alignment, this may
be an indication that the MIp program did not build properly or does not have write permissions
in its current directory. This is especially problematic for (unsupported) Windows users who
are emulating a Unix-like interface using Cygwin. Consult the known issues.txt and README
files at (http://sourceforge.net/projects/locoprotein/files/) for more assistance. As well, make
sure that your target (ie. first) sequence does not contain any non-canonical amino acids, as
this can affect numbering. The easy solution to this problem is to use the up and down arrow
keys to shift a different sequence into the top (target) position temporarily. (Remember that
you can use the arrow keys to shift sequences up and down but never left or right; this will
cause the entire sequence to shift visually and cause alignment problems).
20. Do not grow too attached to the sequences in your alignment. Do not hesitate to delete
the ones that are incomplete or seem otherwise erroneous. Incorrect sequences are sources of
error in downstream analysis.
21. Often, pre-computed alignments in major databases contain too many gaps to be used
for coevolution analysis. For example the Full PFAM alignments for the single-chain two-
domain LAGLIDADG homing endonuclease (PF00961) contains sequences that only cross one
of the two domains. Columns that contain gaps are not included in the coevolution analysis.
22. Remember that coevolution scores are not calculated on gapped positions. When re-
aligning a segment of an alignment to reduce the Local Coevolution score, be careful you do
not simply erase the signal by introducing new gaps. Look for alternate alignments that are
supported by sequence, structure, and Local Covariation-based evidence.
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23. Some PDB files contain additional formatting options which are not parsed properly by
the MIpToolset. If PDB and alignment residue identities do not match, search the PDB file for
missing lines or additional HETATM lines interspersed throughout the ATOM definition lines.
24. Positions that contain gaps are excluded from analysis by MIp; be sure to inspect the
FASTA alignment file. There are many reasons why the distance information does not match
the alignment file (as indicated in by a mismatch between the residues in the coevolution output
file). PDB files may omit or change some residues which are present in the wild-type sequence.
They also may include additional HETATM lines mid-chain, or label ATOMS as HETATMs.
You may get different results depending on where you obtain the PDB file as well; experience
has shown that PDB files obtained from the RCSB Protein Data Bank may be slightly different
than PDB files obtained from NCBI. As well, be sure that the first sequence in the FASTA
alignment is the same as the structure input as a PDB.
25. MIp is approximately normal if generated on random sequence, which is why Z scores
are used for MIp. Do not misunderstand Z scores as significance the wrong way. Zpx scores
are comparable, though slightly more accurate. ∆Zp is a heuristic and does not have a rigorous
statistical framework.
26. A network representation of covarying positions is an excellent way of gaining a holistic
view of the potentially coevolving positions. Every node in the network represents a position
in the protein numbered according to the target sequence. Every edge (line) in the graph corre-
sponds with a comparatively high covariation score; thicker lines represent stronger coupling.
The actual covariation score and distance label each edge ie. 4.5(5.0) represents a pair with a
covariation score of 4.5 and a distance of 5.0 angstroms between the two closest non-hydrogen
atoms of the respective residues in the target structure. If no structure data is specified, the
distances will appear as 0.0. Interestingly, some covarying pairs may be in contact between
protein chains; intra-chain distances will indicate that the positions are not in contact, but will
appear in contact when viewing the quaternary structure of the protein.
27. Contact Maps are an excellent way to view the relationship between covarying posi-
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tions and the proteins secondary and tertiary structure. Here we define contact as any non-
hydrogen atom less than six angstroms apart. In a contact map, the X and Y axes represent
the position in the target sequence; thus the points that run along the diagonal of the plot rep-
resents sequence-local interactions and off-diagonal points represent sequence-distant interac-
tions. Contact always occurs along the diagonal because a protein is a single chain. But other
common interactions are visible in the contact map as well, like interactions between termini,
which manifest as contacts in the furthest corners of the contact map. Furthermore, parallel
interactions, like parallel beta-sheet, will appear as off-diagonal contacts that run parallel to the
diagonal; anti-parallel interactions, like anti-parallel helices, will appear as contacts that run
anti-parallel to the diagonal.
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Figure 2.5: Contact Map representations of coevolution predictions. Panel A. Predicted contact
map visualization of a coevolution network. Contacting residues are labeled grey. Predicted
potentially coevolving residues (Zpx greater than 3) are printed on top of contacting residues
and coloured black. The correspondence between contact and predicted coevolving pair is
apparent in this visualization. Panel A represents near-optimal results obtained from analyz-
ing a Triosephosphate Isomerase alignment with optimal characteristics. Panel B represents
typical-use results obtained from a LAGLIDADG HE alignment with fewer sequences, and a
less-confident alignment.
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Chapter 3
The MIp Toolset Algorithm
3.1 Abstract
Background: Coevolution within a protein family is often predicted using statistics that mea-
sure the degree of covariation between positions in the protein sequence. Mutual Information
is a measure of dependence between two random variables that has been used extensively to
predict intra-protein coevolution.
Results: Here we provide an algorithm for the efficient calculation of Mutual Information
within a protein family. The algorithm uses linked lists which are directly accessed by a pointer
array. The linked list allows efficient storage of sparse count data caused by protein conserva-
tion. The direct access array of pointers prevents the linked list from being traversed each time
it is modified.
Conclusions: This algorithm is implemented in the software MIpToolset, but could also
be easily implemented in other Mutual Information based standalone software or web servers.
The current implementation in the MIpToolset has been critical in large-scale protein family
A version of this chapter has been published.
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analysis and real-time coevolution calculations during alignment editing and curation.
The MIpToolset is available at:
https://sourceforge.net/projects/miptoolset/
3.2 Introduction
The identification and analysis of covarying positions in a protein family gives important in-
sights into that family’s evolutionary history and provides information about sites that are im-
portant for function and structural stability as it is believed that covariation implies coevolution
[1, 13, 8, 14]. Coevolutionary analysis of protein families is important because it potentially
provides a direct link between primary sequence, in the form of multiple sequence alignments,
and structure/function predictions. Covariation between positions in a protein family is as-
sumed to derive from phylogenetic, structural, functional, interaction, and stochastic signals
[1]. Decomposing this signal is difficult because the phylogenetic and stochastic signal can
overwhelm the structural and functional signal [12]. Furthermore, alignment errors have been
shown to produce misleading erroneous signal [4].
One of the most popular methods for quantifying covariation in proteins is Mutual Infor-
mation (MI). There are many coevolution prediction methods which are derived from MI
[8, 6, 11, 2, 4]. As well, there are many web-based servers which will calculate Mutual In-
formation from a submitted protein alignment [10, 3, 16, 9]. Despite its simple formulation,
calculation of MI is computationally demanding, largely because it must be calculated for all
pairs of positions in the alignment, meaning it scales n2 relative to the length of the align-
ment. Further, calculating inter-protein coevolution requires concatenated alignments which
increases the effective number of pairs of positions.
Herein we describe an algorithm for calculating MI in protein alignments with high effi-
ciency. This algorithm allows for database-wide analysis [4] and real-time calculation of co-
variation during alignment curation [5]. This algorithm is included as part of the MIpToolset.
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3.3 Algorithm
3.3.1 Mutual Information
The calculation and formulation of Mutual Information is described in detail in [12]; it is out-
lined here to provide necessary background to understand the optimizations of the MIpToolset
algorithm.
Mutual Information measures the degree of covariation between two random variables (in
our case, protein alignment positions X and Y) using the Information Theoretic quantity En-
tropy (H).
MIx,y = Hx + Hy − Hx,y (3.1)
Information Entropy (H) can be understood as the measure of uncertainty of the identity
of the amino acid at some position x. As shown in equation 3.2, the Entropy (H) for position
x is calculated using the probability of each of the 20 amino acids appearing at that position.
Since the actual probabilities are unknown, the amino acid frequencies in the input alignment
are used to approximate these values.
Hx = −
20∑
i=1
p(xi) log20 p(xi) (3.2)
The MI between positions X and Y is the sum of the Entropy of each position minus the
”joint Entropy” between them. The enumeration of joint entropy is the rate-limiting step of
Mutual Information calculations. Joint Entropy is calculated similarly to Entropy, but it in-
volves the calculation of probability of all pairs of amino acids that occur between position x
and position y (Equation 3.3).
Hx,y = −
20∑
i=1
20∑
j=1
p(xi, y j) log20 p(xi, y j) (3.3)
The naı¨ve calculation of joint entropy is inefficient because it involves populating a 20 x
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20 matrix for every pair of amino acids found for every pair of positions. This is a 400-entry
matrix for n2 positions. This approach, while easy to implement, uses an unnecessary amount
of memory as it does not exploit the fact that most positions will be moderately conserved and,
thus, most positions will have a value of zero in the joint entropy count matrix.
3.3.2 Storage of sparse matrix in linked list
It is worth noting that calculation of MI involves two types of ”pairs”: Pairs of positions,
which represent the homologous ‘columns’ in a protein family multiple sequence alignment
(MSA), and pairs of amino acids, which are the corresponding entries from a pair of positions
within a single sequence. So a pair of positions, might be position 10 and position 45 within a
protein sequence; at this pair of positions, there will be many amino acid pairs corresponding
to the identity of the amino acids at positions 10 and 45 in the sequence (ie. DF, LS, DH etc.).
DF 3Current Pair: LS LS 8 DH 17 DS 1
DF 3Node incremented for LS LS 9
node+1
DH 17 DS 1
DF 3Current Pair: LH LS 9 DH 17 DS 1
DF 3Node added for LH LS 9 DH 17 DS 1
LH 1
new node
Figure 3.1: Linked list storage of amino acid pair counts. This figure demonstrates how two
new amino acid pairs, LS and LH, are added to the growing linked list data structure which
stores amino acid pair counts. First, LS is added to the list by incrementing the existing LS
node. Second, the pair LH is added to the list by creating a new node labeled LH and adding it
to the list with counter set to 1.
A straightforward way to store the counts between positions x and y is to use a linked list
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data structure (Figure 3.1). Each node in the linked list stores two values for the calculation
of Joint Entropy, the identity of the amino acid pair, and the respective count. Each node also
contains a pointer to the next node in the list, or null if the node is the terminal node.
The program iterates over the protein alignment, enumerating the amino acid pairs, just
as it would if it were in the naı¨ve implementation. If an entry in the linked list exists for a
given amino acid pair, the node’s counter is incremented. If no such entry exists a new node
is appended to the end of the list for that amino acid pair. This list can be traversed efficiently
as these counts will be used for future calculations. This efficient storage makes it possible to
efficiently analyze very long alignments.
3.3.3 Direct access to linked list improves speed
The limitation of the linked list storage method, if a linked list is used on its own, is that the
list will need to be traversed each time a node is to be updated or created to check whether that
pair exists in the data structure. This challenge can be overcome by using an array of pointers
to linked list nodes. The disadvantage of the linked list storage solution is that it lacks “direct
access” provided by a two-dimensional array from the naı¨ve implementation. By combining
the two, it is possible to achieve a “best of both worlds” solution.
A single ”direct-access” 20 x 20 array is created, with the nodes in the array corresponding
to the 400 possible amino acid pairs (Figure 3.2). When an amino acid pair is encountered by
the main count enumeration loop, the direct-access array is checked. If the entry for that pair
is null, then a new linked node is appended to the end of the growing linked list for that pair of
positions with a count of 1; next, the entry in the direct-access matrix is set as a pointer to the
newly created linked list node.
Conversely, if the entry corresponding to the amino acid pair contains a pointer, the program
follows the pointer to the corresponding linked list node and increments the counter by 1. After
the two positions have been fully enumerated, all entries in the direct-access array are reset to
null and it can be reused. Thus, the direct-access array strategy maintains the advantages of a
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DF 3 LS 9 DH 17 DS 1 LH 9
A
C
D
E
F
G
H
I
K
L
M
N
P
Q
R
S
T
V
W
Y
A C D E F G H I K L M N P Q R S T V W Y
Figure 3.2: Direct-access array of pointers to growing linked list. This figure demonstrates how
the direct-access array provides instant access to any part of the linked list without the need to
traverse the list. This array is only allocated once and can be reused for each pair of positions.
linked list storage solution without the disadvantage of needing to traverse the list every time,
at the trade-off cost of only 400 pointers.
3.3.4 Integration in the MIpToolset
This algorithm has been included as part of the MIpToolset, a collection of C- and Perl-based
programs which calculate covariation statistics and inter-residue distances from protein align-
ments and databases. A full description of sequence collection and alignment is available in
(Dickson and Gloor, Methods Mol. Biol. 2013 submitted).
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In brief, the input to the program is a protein alignment containing more than 150 sequences
less than 90% identical and containing more than 50 ungapped positions. It is recommended
that the alignment be manually analyzed by the investigator to ensure the alignment does not
contain errors which will lead to false-positive results [4, 5]. For example, the curation tool
LoCo [5], based on the alignment viewer Jalview [15], provides a visualization of the likely-
misaligned regions of the alignment. The program also optionally accepts a PDB structure
corresponding to a sequence in the protein family. This structure is used to generate inter-
residue distances which are commonly used to validate coevolution predictions.
The output of the program is a large list of pairs of positions and their corresponding co-
variation statistics. The MIpToolset presently generates Mutual Information, as well as several
more accurate derivations including MI p (and its normalized counterpart Zp) [6], Zpx and
∆Zp [4]. A coevolution network file is also produced which can be visualized using Graphviz
[7].
3.4 Conclusions
It is established that MI by itself is not particularly accurate in predicting coevolving positions
because it correlates with Entropy [12], misleading phylogenetic signal [6], and alignment
errors [4]. Furthermore, analyzing gaps as the “21st amino acid” causes misleading results
which is partially why the aforementioned studies excluded positions containing gaps from the
analysis (Dickson et al. submitted). It is possible to overcome some limitations of raw MI by
using various corrections to MI [6, 11, 2, 4]. Typically these corrections based on an analysis
of raw MI values are computationally inexpensive and so heavy optimization is not necessary.
Thus the algorithm and software described herein can be used to reduce the time and memory
required to calculate most MI-derived statistics.
The MIpToolset has been tested on Unix-like operating systems and is implemented in C
for efficiency, with a Perl wrapper for handling input/output issues. The speed and efficiency
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of the MIpToolset has allowed for efficient database-wide analysis [4] and the detection of
protein family misalignments using an MI-derived method in real-time as the user edits their
alignment in the software tool LoCo [5]. To our knowledge, this is the fastest implementation
of the coevolution statistics MI p, Zp, Zpx, and ∆Zp[6, 4].
It is available at: https://sourceforge.net/projects/miptoolset/
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Chapter 4
The alignment-coevolution relationship
4.1 Abstract
4.1.1 Motivation
The statistical non-independence of protein alignment positions reveals useful structure and
functional information about a protein family. However, statistics that detect such coevolu-
tion within proteins are easily misinterpreted. The purpose of this work is to provide a mental
framework for intuiting the fundamentals of Mutual Information-based covariation statistics
and why caution should be used when attempting to infer coevolution between gapped posi-
tions.
4.1.2 Results
We clarify the relationship between intra-protein coevolution and the covariation statistics used
to infer it; we also demonstrate the relationship between alignment and covariation as it relates
A version of this chapter has been submitted for publication
RJ Dickson, GB Gloor. (2013). Gambling on Gaps: An Explanation of the Alignment-Coevolution Relation-
ship. Bioinformatics. Under review.
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to gaps, while highlighting caveats in analysis using illustrations and experiment. We pro-
vide demonstrations of how gapped positions can mislead covariation statistics, yielding false-
positive results. In a database-wide analysis, we demonstrate that contact prediction within gap
regions is not effective. We conclude that when conducting coevolution analyses, gaps should
not be treated as the 21st character.
4.2 Introduction
Protein sequence analysis methods are not “plug-and-play”, despite the fact that they are often
treated as such. Tools that statistically analyze sequence alignments contain many assumptions
about the nature of the alignment and how it was created. When used incorrectly, these tools
return misleading results, often with no warning to the user. Our goal is to provide guidance
for using bioinformatic tools to prevent misinterpretation of sequence data when using tools
developed to detect molecular covariation in protein sequence alignments. More specifically,
we will address the debate about insertions and deletions in sequence alignments when cal-
culating protein covariation. We demonstrate why gaps should not be interpreted as the 21st
residue and furthermore why caution should be used when analyzing any alignment position
that contains a gap character or that is on the margins of the gap.
Coevolution within a protein family is detected using many different methods, all of which
contain explicit and implicit assumptions about the nature of the protein alignment being ana-
lyzed. Some of these assumptions are explicitly stated in the tools’ respective publications and
manuals, eg. how numerous and diverse do the sequences in the alignment have to be? Other
assumptions underlying coevolution methods are less obvious as they are rooted in an implicit
biochemical framework, eg. what is a gap and how should it be interpreted? Though it is not
necessarily obvious, violating an implicit biochemical assumption can result in the same erro-
neous results as violating a simple explicit requirement like not including enough sequences in
the input alignment.
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The generation of a molecular coevolution dataset begins with making a high quality multi-
ple sequence alignment. Parameter choices and the assumptions behind them that are included
in this step are easy to overlook. Thus, it is often not appreciated that gapped positions in
protein families are usually placed arbitrarily by the alignment algorithms themselves. The
standard approach used by programs such as MUSCLE [9], CLUSTALW [27], or T-Coffee
[20] is to partition residues in gaps equally between the two gap ends. Some tools, such as
Cn3D [12], explicitly acknowledge this and allow the user to place residues in gaps accord-
ing to whim. Still others, such as PRANK [15, 16] place gaps at evolutionarily informative
positions. Whichever method is chosen, this simple partitioning violates the standard assump-
tions of positional homology implicit in sequence alignment and will have an obvious effect on
downstream analyses.
It is thus critically important to develop an intuition about the relationship between the
biological mechanism of coevolution, the assumptions and methods used to generate the align-
ments, and the statistical methods used to find it called covariation. In the same way that posi-
tional conservation is thought to indicate residue importance, positional covariation is thought
to indicate an important structural or functional interaction [1].
4.3 Methods
4.3.1 Synthetic alignment demonstration
Figure 4.1 is a synthetic alignment generated for instructive purposes using LoCo [7], a modi-
fied version of Jalview [30]. The synthetic alignment was designed to highlight the archetypal
positions and positional relationships including strong coevolution, perfect conservation, and
random assortment. The full alignment from which the coevolution calculations are made is
panel is 500 sequences long; a small subset of the sequences is shown for the demonstration.
The Zp coevolution scores were calculated using the MIpToolset [5]. The heatmap plot
below the alignment was created using R [22].
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4.3.2 Correspondence of gap positions and covarying pairs shown across
alignment methods
Figure 4.2 was created by realigning the seed alignment of PF00112 from PFAM [21], using
CLUSTALW [27], MUSCLE [9], and PRANK [15, 16] and removing positions that were not
included in the target sequence, CPR6 CAEEL, selected arbitrarily; Zp (normalized MI p)
scores were calculated according to [8, 6] and plotted in R [22].
4.3.3 Database-wide covariation accuracy analysis
Figure 4.3 was generated from a dataset of 314 alignments (Supplementary Table 1) selected
out of all multiple sequence alignments in the CDD database, but removing alignments which
did not have an associated structure, had fewer than 125 sequences, were shorter than 50 posi-
tions, had file format or numbering abnormalities or conflicts with the structural data. The MIp-
Toolset [5] was modified to allow gap characters to be included in the analysis; as demonstrated
in this paper, this is not recommended for general-purpose use. MIp scores for each alignment
were separated by their location relative to gaps in the alignment. Positions within the same
contiguous gap formed one class and positions that contained no gap characters formed an-
other. These pairs of positions were ranked for each alignment and the mean fraction of pairs
in contact for each class were plotted. This type of plot is an established way of benchmark-
ing the accuracy of coevolution methods; in this case, it is used to compare the quality of the
alignment positions, pertaining to their location in the alignment, rather than the coevolution
methods themselves.
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Figure 4.1: Illustrative alignments of a small hypothetical protein segment. Shown here are
the first 6 rows of a 500 row multiple sequence alignment in which positions 2 and 4-6 are
conserved , positions 3 and 7-9 are randomly assorting, and positions 1 and 10 covary. Below
each is the Z score derived from the MIp measure (also called Zp), where yellow denotes scores
less than 0.5, dark yellow denotes a score between 0.5 and 1.5, orange denotes a score between
1.5 and 2.5 and red denotes a score greater than 2.5. Gaps are shown in the alignment as the -
character.
4.4 Results
4.4.1 Coevolution analysis of synthetic alignment reveals gap effects
Consider the hypothetical protein family alignments in Figure 4.1. Position 2 is conserved and
does not vary within the protein family. Positions 3, 7, 8, and 9 are randomly assorting. A
common assumption is that the conservation of position 2 implies it is somehow important to
the protein family, as the sequence meanderings of evolution would have changed its identity if
it were not. Conversely, positions exhibiting variation imply that the position is comparatively
unimportant, or some evolutionary pressure would have constrained the residues allowed at
that position.
Consider a simple game where a wager can be placed on the identity of an amino acid
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at a position. Assume that the gambler is conservative and only wagers when confident on
a correct answer. If the wager was on the identity of the amino acid at position 2 in Figure
4.1, the bettor would certainly choose cysteine. In contrast the bettor would likely choose not
to wager on the identity of the amino acids at positions 3 or 7-9. In Information Theoretic
terms, the uncertainty when placing your bets can be measured using Entropy (H), which is
the measure of uncertainty of the identity of a random variable. Position 3 has high entropy
and position 2 has low entropy.
Now consider positions 1 and 10. Here the residues can take on three possible states in each
position. Without further information the bettor would be uncertain which to choose. However,
what if the game is changed slightly to give the bettor one additional piece of information - the
identity and location of another residue in the same protein sequence. If the bettor is gambling
on the identity of position 1, neither position 2 nor position 3 provides any additional infor-
mation for placing the bet. However, positions 1 and 10 are coupled: a residue at position 1
is always paired with a particular residue at position 10. So given the identity of the residue
at either position, the bettor is now certain about the residue at the other. These two positions
exhibit covariation. In the same way that the lack of variation in position 2 implies the impor-
tant conservation of residue identity, the covariation between positions 1 and 10 indicates the
potential for an important conserved interaction between the two positions.
In Information Theoretic terms, the dependency between two positions can be calculated
using Mutual Information (MI). Mutual Information can be formally defined as:
MIi, j = Hi + H j − Hi, j (4.1)
where Hi is the entropy of position i and Hi, j is the joint entropy of positons i and j. Since high
entropy translates into low certainty, equation 1 shows that MI can be understood intuitively as
the reduction of uncertainty of the identity of one position when given the identity of another.
MI by itself is not generally used to estimate covariation because this measure is very
sensitive to the entropy of the columns [18, 10], and because of the confounding effect of the
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intrinsic phylogenetic relationships between positions in a multiple sequence alignment [8].
One commonly-used metric is MI p, which is defined as:
MI pi, j = MIi, j − MIi, × MI j,
MI
. (4.2)
This measure subtracts the mean evolutionary relationships between positions, and others
have developed similar measures based on regression [13]. The ”heatmap” drawn below the
sample alignment corresponds to the MIp score between positions. For example, the aforemen-
tioned covariation between columns 1 and 10 is illustrated by the red square in the heatmap,
which corresponds to a normalized MIp score greater than 2.5.
As mentioned above, MIp-based coevolution methods have been modified frequently to
analyze gapped positions in an alignment by interpreting every gap character as the 21st char-
acter in the alignment alphabet [31, 25, 14]. Essentially, these groups treat gapped positions
identically to non-gapped positions. The motivation for this change seems laudable if it is as-
sumed that gaps contain information. However, as shown below, the gambling game analogy
intuitively demonstrates why MIp will produce statistical artifacts over useful information if
gap characters are included as the 21st character. This demonstration shows why the proper
treatment of gaps is critical to avoiding erroneous interpretations of covariation measures.
Returning to the game, now consider columns 4 through 6 in Figure 4.1A. The residues
in these columns are absolutely conserved, as in column 2, and the bettor would not require
any information other than this knowledge if asked to choose the identity of the residue. Note
that the MI p between these columns is 0: there is no additional information that can be gained
about a position by giving information about a second position since there is no uncertainty for
these positions (H = 0).
In Figure 4.1B, a deletion event has been introduced at the conserved positions, 4 through 6
from panel A. That there is a gap at these positions does not provide new knowledge regarding
the structural or functional relationships between the ungapped residues. This is because the
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Figure 4.2: Pairwise covariation scores shown as heatmaps compared to the percentage of gaps
at each position from four different alignment methods. Each node in the heatmap represents a
Zp covariation score ranging from below 0.5 (yellow) to above 2.5 (red). The histogram below
shows the percentage of gaps at each position corresponding to the heatmap above.
gap character formally represents a residue in one sequence matching nothing in the other [24].
However, if the gap character is considered to be an additional symbol, then entropy is added
to the positions and information is created. When MIp is calculated, we observe a dramatic
increase in the covariation values that is local to the deletion event itself. An investigator might
therefore conclude that these positions coevolve strongly. This inference would be wrong
because the only information we have added is that, at these positions, nothing in one sequence
corresponds to nothing in another. As discussed later, the information added to the gap position
is dependent on the method used to align the sequences and on the assumptions used by that
method.
In Figure 4.1C, a deletion event has occurred at the randomly-assorting positions, 7 through
9. Again, there is a dramatic increase in local covariation that is local to the gapped positions.
Note however, that since the non-gapped residues are randomly assorting, the residues that are
not in gaps are still assorting completely randomly: thus knowing the identity of a residue at
one position continues to provide no information about the identity of a residue at a different
position.
The simple examples discussed in Figure 4.1 show that arbitrarily placed gap characters
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invariably result in the gain of information. This results in local covariation being increased
dramatically. However, the gap placement rules used by the multiple sequence alignment pro-
grams in widespread use are different, some are arbitrary some are not. It is thus possible that
gap placement by at least some of these automated algorithms does not create information, and
as as result does not increase local covariation scores.
4.4.2 Gap positions show high covariation in real alignments
We examined the alignments generated by four major multiple sequence alignment methods to
address this question. One alignment was collected from PFAM, which uses a method where
a Hidden Markov Model of the protein family is built from curated, high-quality alignments,
and extended to embrace new members of the family as they are discovered [21]. The same
sequences from the PFAM alignment were realigned using three other methods. One is pro-
gressive multiple sequence alignment as used by ClustalW [27]. Here gap placement is chosen
using an affine gap score that is dynamically weighted to include both the local amino acid
composition and the location of gaps in alignments between highly similar sequences. More
recent approaches include iterative refinement of the alignment to optimize a scoring function,
as used in MUSCLE [9], or to optimize gap placement based on the inferred phylogenetic tree,
as used in PRANK [15].
Figure 4.2 shows the correspondence between gapped positions and high covariation scores
in real alignments when gap characters are treated as the 21st amino acid in coevolution anal-
ysis. Pairwise covariation scores are shown in a large heatmap with the same colour scheme
as figure 4.1, and a histogram of corresponding prevalence of gaps at each position is provided
below. Here it is demonstrated that the highest-scoring covarying pairs (red) are almost ex-
clusively related by being in the same contiguous gapped segment. Similar results are found
regardless of the alignment method, demonstrating that the phenomenon is not restricted to a
single alignment method. Rather, the effect appears to be universal across 4 different alignment
methods which represent 4 different alignment strategies.
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Alignment algorithms often attempt to minimize the occurrence of gaps and maximize
residue identity which can lead to high covariation within gapped regions. Multiple indepen-
dent insertions or deletion events may therefore be aligned together as a single event repre-
sented by a single column, thus avoiding multiple gap initiation penalties. Essentially, these
gapped positions appear optimized according to the criteria of the method, but may be mislead-
ing according to phylogenetic or coevolutionary inference [29]. Though gapped positions and
the associated surrounding residues may contain the evolutionary information if they are as-
signed correctly [23], they are frequently rejected altogether in evolutionary analysis because
the accurate gap placement may be too difficult to assign [3, 26]. The PRANK phylogeny-
aware strategy attempts to align only homologous insertions and deletions, which means that it
is attempting to insert gaps into the alignment with more biological relevance, yet it also shows
a strong correspondence between gapped positions and covariation score (Figure 4.2).
Finally, we note that it is apparent that high covariation scores often exist between gapped
segments. These can be easily observed in the four panels above as off-diagonal patches of high
mutual information centred on the gapped regions. Contact maps derived from such analyses
would lead to the inference that all gapped positions are in clustered together in contact in the
corresponding structure.
4.4.3 Database wide screen demonstrates low contact prediction accu-
racy in gapped positions
To demonstrate the erroneous predictions that covariation statistics make when dealing with
gapped positions, we analyzed the contact prediction accuracy of MIp across all suitable align-
ments from the Conserved Domain Database (CDD) [17], which are curated with the Cn3D
tool. Figure 4.3 shows that the prediction accuracy of MIp is much poorer when analyzing
gap positions than when analyzing positions with no gap characters. A modified version of the
standard MIpToolset [5] covariation software was run across a dataset of 314 CDD alignments
to generate MIp scores. MIp scores normally predict inter-residue contact with high accuracy in
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exclusively non-gapped positions. However, the modified version of the MIpToolset allowed
gapped positions to be included in the analysis. Contact prediction is commonly used as a
proxy for coevolution when benchmarking covariation statistics like MIp because there is no
way to objectively obtain the set of truly coevolving residues from experiment. Only pairs of
positions that are more than 6 positions apart in sequence were included in the analysis because
residues which are close in sequence are trivially in contact.
In figure 4.3, the pairs of positions containing no gap characters (filled squares) show strong
contact prediction accuracy, nearly 80% of the top-scoring pairs in the 314 alignments found
to be in contact. Conversely, MIp is not able to reliably identify contacting pairs of positions
within the same gap (open circles), with the mean fraction of pairs in contact never reaching
20% accuracy. This observation of the effects of database wide differences between gapped
and untapped positions supports the previous examples.The low contact prediction accuracy of
gapped positions implies that these predicted coevolving pairs are false positives.
4.5 Discussion
Gap placement and covariation statistic calculation is problematic for the automated alignment
tools shown above, but perhaps it is possible that manual placement of gaps by an expert anno-
tator can overcome these problems. We have noted previously however [6, 7], that the problem
of high local covariation scores within gaps persists even in structurally-supported alignments
such as the Conserved Domain Database (CDD) [17]. The CDD database is built using Cn3D,
an excellent curation tool for integrating structural and sequential information when creating
a new protein family alignment. However, using Cn3D (or alignments generated from Cn3D)
requires an understanding of the assumptions the tool uses. The Cn3D documentation states,
“that the unaligned residues are displayed as a convenience to the user, but nothing can nor
should be inferred from the apparent ‘alignment’ of residues in the unaligned areas” [4]. So
little information is contained in gapped segments that Cn3D explicitly permits the user to
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Figure 4.3: Contact prediction accuracy by MIp of pairs with no gap characters (filled squares)
and pairs within a single contiguous gap (open circles). MIp scores were generated for 314
CDD alignments. These pairs were ranked from highest to lowest scoring. The mean fraction
of pairs in contact for the top 1 to 100 pairs across the 314 alignments are shown.
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alter the location of residues positioned in the gapped regions. Similar issues result [7] with
alignments from the highly curated BALiBASE dataset [28].
Thus, the increased covariation scores between positions contained in the same gapped
segment should be viewed as nothing more than a statistical artifact. Insertions and deletions
typically occur in unstructured, surface-exposed loops, so including gaps as characters in a co-
evolutionary analysis will likely lead to a misleading conclusion that such regions structurally
or functionally important. Mutual Information-based statistics such as MIr [18], MIp (and its
normalized form Zp) [8], Zpx [6], ∆Zp [7], and Zres [13], should not interpret a gap character as
an amino acid, unless rigorous analysis has shown that a particular method is able to overcome
the bias towards enhancing the score between gapped residues.
The treatment of gaps in evolutionary analysis has long been controversial [23], notably
following the assertion that identical indels can be homoplasious and thus misleading [11]. As
demonstrated, including gaps as the 21st amino acid leads to a marked increase in covariation
score (Figure 4.1), which leads to an overrepresentation of gapped positions as most highly
covarying pairs (Figure 4.2), and finally causes a notable decrease in the prediction of puta-
tively coevolving pairs by the standard benchmark (Figure 4.3). Both the decrease in accuracy
and the over-emphasis of gap regions when misusing Mutual Information-based statistics are
important. For example, Liu and Bahar suggested a correlation exists between coevolving pairs
of positions and structural dynamics, but their analysis included gaps as the 21st character [14].
The fact that gaps tend to occur in flexible, unstructured surface loops suggests that the inclu-
sion of gap characters may have affected their conclusions. Another example is Marcos et al.,
who benchmarked their Direct-Coupling Analysis coevolution method against non-corrected
Mutual Information and included gaps as the 21st character in their MI calculation [19]. The
low performance of Mutual Information in their comparison is likely due to the low accuracy
of predictions in gapped positions (Figure 4.3), and the high scores caused by including the
gap character (Figure 4.2).
We believe that the coevolution analysis of gaps as the 21st amino acid is unequivocally
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incorrect. Support for this assertion comes directly from Figure 4.2 where it can be seen that
the inclusion of a gap, into either conserved or non-conserved columns, automatically increases
the apparent information in the columns without an increase in actual information. Thus, we
recommend caution when drawing any conclusions from any gapped position in an alignment.
As mentioned above, many alignment strategies introduce gaps to sequences in a manner that
is inappropriate for coevolution analysis. There are various strategies employed by alignment
algorithms that decide where gaps should be placed; these strategies generate alignment within
gap regions of vastly different quality.
Another major challenge in coevolution analysis is validating the predictions of a given co-
evolution method. Coevolution prediction shares the same inferential challenges of phylogeny
building, but lacks the luxury of using multiple positions as “independent” evidence. Structural
contact is typically used as a proxy for true-positives in coevolutionary analysis, as it is hypoth-
esized that residues must be close enough to interact in order to coevolve; this hypothesis is
contradicted and complicated by indirect coevolution through an intermediate residue [2].
Contact is only meaningful if the two positions in question are not trivially in contact be-
cause of sequence proximity. However, two positions that are distant in sequence but have
contacting side chains represent an unlikely and potentially important interaction. It is imper-
ative to analyze the structures in a given dataset to determine an adequate “sequence-distance”
cutoff when analyzing coevolution predictions. In this analysis a sequence-distance cutoff of 6
was used in order to exclude fewer intra-gap pairs; however, in typical benchmarking scenarios
we recommend using a stricter cutoff such as 10.
4.6 Conclusion
In conclusion, we wish to recommend caution when analyzing positions that contain gaps using
coevolutionary tools. Mutual Information-based algorithms, including but not limited to MIp
and its normalized form Zp, Zpx, ∆Zp, Zres, should not be modified to include gap characters
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unless future modifications are shown to rigorously compensate for the errors this introduces
since none of these measures were designed to analyze gaps.
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Chapter 5
Multiple sequence alignment errors and
coevolution
5.1 Abstract
5.1.1 Background
There is currently no way to verify the quality of a multiple sequence alignment that is inde-
pendent of the assumptions used to build it. Sequence alignments are typically evaluated by
a number of established criteria: sequence conservation, the number of aligned residues, the
frequency of gaps, and the probable correct gap placement. Covariation analysis is used to find
putatively important residue pairs in a sequence alignment. Different alignments of the same
protein family give different results demonstrating that covariation depends on the quality of
the sequence alignment. We thus hypothesized that current criteria are insufficient to build
alignments for use with covariation analyses.
A version of this chapter has been published.
RJ Dickson, LM Wahl, AD Fernandes, and GB Gloor. (2010). Identifying and Seeing beyond Multiple Se-
quence Alignment Errors Using Intra-Molecular Protein Covariation. PLoS ONE.5(6): e11082
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5.1.2 Methodology/Principal Findings
We show that current criteria are insufficient to build alignments for use with covariation anal-
yses as systematic sequence alignment errors are present even in hand-curated structure-based
alignment datasets like those from the Conserved Domain Database. We show that current
non-parametric covariation statistics are sensitive to sequence misalignments and that this sen-
sitivity can be used to identify systematic alignment errors. We demonstrate that removing
alignment errors due to 1) improper structure alignment, 2) the presence of paralogous se-
quences, and 3) partial or otherwise erroneous sequences, improves contact prediction by co-
variation analysis. Finally we describe two non-parametric covariation statistics that are less
sensitive to sequence alignment errors than those described previously in the literature.
5.1.3 Conclusions/Significance
Protein alignments with errors lead to false positive and false negative conclusions (incorrect
assignment of covariation and conservation, respectively). Covariation analysis can provide
a verification step, independent of traditional criteria, to identify systematic misalignments
in protein alignments. Two non-parametric statistics are shown to be somewhat insensitive
to misalignment errors, providing increased confidence in contact prediction when analyzing
alignments with erroneous regions because of an emphasis on they emphasize pairwise covari-
ation over group covariation.
5.2 Introduction
Two or more variable positions in a protein may coadapt to conserve interactions needed for
proper structure or function [6, 30, 21]. Strong covariation between pairs of positions is taken
to indicate the presence of coadaptation events which are maintained in the alignment as co-
evolution. It is often assumed that coadapted residues contact each other in the folded protein
structure [6, 26, 8, 5], thus the proportion of putative coadapted positions in contact is often
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used to benchmark covariation methods. This assumption is not bidirectional, only a small
proportion of contacting sites are thought to coevolve strongly [6, 21]. Furthermore, pairs that
are very close in sequence are trivially in contact and thus are disregarded when evaluating
covariation statistics.
Covariation statistics are often used to aid in residue contact identification, de novo protein
structure prediction and structure-function analysis [22, 16, 24, 23, 27]. Indeed, the first step in
many structure prediction algorithms is a multiple sequence alignment followed by some sort
of covariation measure. Even predictions with modest accuracies are helpful because they re-
strict the positions to be examined. Standard benchmarks for covariation accuracy measure the
fraction of covarying amino acid pairs that are in contact. There are a large number of methods
to identify covarying positions [31] in part because some methods work better on certain align-
ments than on others. Many groups have observed high covariation between residues close in
sequence—leading to the belief that two or more positions can only be identified as coevolving
if they are some minimum distance apart in sequence. However, little attention is paid to the
overall problem that there is no consensus as to the characteristics of truly covarying positions.
This results in a counter-intuitive situation where contact is used as a proxy for covariation
for benchmarking purposes, but traditional measures like sensitivity and specificity of contact
prediction are not very meaningful because only some contacting pairs covary.
Atchley et al. [1, 28] suggested that covariation observed between positions i and j in a
protein is composed of a signal from 1) structural or 2) functional constraints, 3) background
noise contributed by shared phylogenetic ancestry, and 4) stochastic events. Thus, the struc-
tural and functional signal is superimposed on the background noise contributed by phylogeny
and by random processes. As implied by this model there are several intrinsic limitations to
detecting coevolution between amino acid positions in protein families. First, the sequence
alignments must contain sufficient sequences with enough variation for the signal to exceed
the noise. Estimates of the required number of sequences needed in the alignments for this
to be true vary from ∼30 [5] to >125 [16, 26, 19, 2]. Secondly, all positions in a protein ap-
5.2. Introduction 105
pear to covary because of their shared ancestry, and this signal is the only systematic source
of covariation for the vast majority of position pairs [5, 28, 3]. We recently showed that the
phylogenetic signal was similar for all positions in a protein family and that it could be esti-
mated as the product of the average covariation of positions i and j with all other positions [3].
This resulted in ‘product-corrected Mutual Information’ MIp and its transform, Zp, which was
much more sensitive and specific than other previous non-parametric methods.
The goal of multiple sequence alignment is to place residues from each sequence in the pro-
tein family at homologous positions in the final sequence alignment. The multiple sequence
alignment for a given protein family is usually different in the various standard collections of
protein families and the disagreement between protein datasets demonstrates that all multi-
ple sequence alignment methods produce errors. Furthermore, the placement of a gap in the
protein family is an explicit acknowledgement that no homologous position exists for one or
more members of the protein family. The difficulty in generating a sequence alignment is high-
lighted by the observation that even structure-based alignment methods disagree [12, 14]. As
one example, structure-based alignment algorithms are susceptible to shift error [12], meaning
that positions in the structure alignment are not orthologous despite the fact that much of the
secondary structural elements seem to overlap between aligned structures.
We observed that the same protein family often gave different numbers of covarying po-
sitions when alignments were from different sources even if the alignments contained com-
parable numbers of sequences. We also found that alignments generated without structural
information identified fewer pairs in contact in the folded protein compared to alignments
generated with structural information. These observations suggested that the quality of the
alignment made a large contribution to the background covariation signal. This observation
is supported by Wong et al. [29] who found that alignments of the same sequence dataset by
different methods lead to different conclusions in comparative genomics studies.
Here we examine the effect of systematic misalignment on covariation scores. We demon-
strate that alignment errors lead to incorrect conclusions about covariation and conservation.
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We show that Zp can be used to identify systematic misalignments in protein families. Fur-
thermore, we show that new statistics ∆Zp and Zpx are relatively insensitive to systematic
alignment errors, and are especially effective at identifying pairwise covarying residues. Sig-
nificantly, these two corrections identify substantially different populations of covarying pairs
with similar accuracy.
5.3 Results
5.3.1 Systematic sources of error
Many commonly-used multiple sequence alignment programs use the progressive sequence
alignment strategy in which the alignment and the locations of insertions and deletions are
permanently fixed in the growing alignment [4]. An alternative method is structure-based mul-
tiple sequence alignment which aligns three-dimensional protein structures and then aligns se-
quences progressively to the initial structure alignment [11]. Both structure-based and progres-
sive methods systematically propagate early errors through the alignment. Another alignment
strategy is iterative alignment, where progressive alignments are built and then iteratively re-
fined to attempt to remove errors that are introduced in the growing progressive alignment [10].
The phylogeny-aware strategy attempts to minimize systematic errors by preventing incorrect
gap placement [17]. While it is clear that each alignment strategy is susceptible to varying types
and amounts of systematic error, we began by approximating it by using a simple experiment
to estimate its effects.
The impact of systematic errors on the estimation of covariation was tested in an alignment
of triosephosphate isomerase by randomly shifting a fraction of the sequences in one aligned
segment left or right by 1 residue. We chose to shift between 0 and 30% of the sequences
within the selected segment positions—a range chosen because the commonly-used multiple
sequence alignment programs have between 70% and 80% accuracy [4]. Figure 5.1 shows
that the Zp signal increased if both positions in a pair were in the misaligned segment (red)
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and decreased if one of the positions in the pair was in the misaligned segment and the other
was outside the segment (green) when compared with the pairs unaffected by the misalignment
(blue).
The increased Zp values were not distributed evenly among all positions in the alignment
(Fig. 5.1, 5.2). Figure 5.1 shows that misaligned pairs have a marked increase in Zp score
with other residues in the misaligned region. There are several interesting features of such
misaligned families: 1) Contacting pairs of positions in the properly aligned regions tend to
be assigned Zp scores that are much higher than the mean, but often not large enough to stand
out against the misaligned region. However, there is often a large difference between the score
of a contacting pair and the next-highest score. 2) Noncontacting pairs tend to have small
differences between consecutive scores. 3) High-scoring pairs due to misalignment tend to
cluster together. Thus we introduce ∆Zp, a relative Zp measure (Materials and Methods), to
compensate for high-scoring noncontacting pairs due to misalignment.
Figure 5.2 shows a plot of the mean Zp score between all pairs of positions in a 6-residue
window for a structure-guided alignment of triosephosphate isomerase. The first third of the
misaligned segment was highly conserved and had very low Zp scores, the remainder was
highly entropic and had higher initial Zp scores. The systematic misalignment of even 5% of
the sequences resulted in a dramatic increase in local Zp values for the conserved but not for
the non-conserved portion of the segment (Fig. 5.2). This effect was even more pronounced
when larger fractions of the multiple sequence alignment were misaligned. We concluded
that systematic sequence misalignment resulted in a characteristic pattern of elevated local
Zp scores which was most extreme for conserved segments.
The effect of systematic misalignments on the underlying information theoretic values is
shown in Figure 5.3. We consider an arbitrary four residue sequence where each position is
conserved (panel A). Each position in this alignment contains no entropy meaning that the
residue at that position is certain. Because there is no variation, there cannot be any covariation
and thus the values for any covariation statistic is 0. However, when half of the sequences are
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Figure 5.1: Misalignments cause increased covariation scores. All pairwise Zp scores are
shown by position in a triosephosphate isomerase alignment which contains a synthetic sys-
tematic misalignment in the 4th ungapped segment. Pairs where both positions are from within
the misaligned segment are shown in red. Positions where both positions are from outside the
misaligned segment are shown in blue. Positions where one position is within and one position
is outside the misaligned segment are shown in green. Positions in contact are represented by
white-filled circles, positions not in contact are represented by solid colours. The misalignment
was made by shifting 20% of sequences in the red-highlighted region by one position to the
left or right. Intra-misalignment pairs (red) have higher Zp scores and inter-misalignment pairs
(green) have lower Zp scores when compared to the normal pair distribution (blue).
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Figure 5.2: Systematically misaligned regions have high local Zp values. The plots show the
mean Zp score for all pairs of positions in overlapping 6-residue windows versus the window
start position. The light bars show the segment of the alignment that was systematically mis-
aligned with the fraction of misaligned sequences indicated. The mean entropy (H) of the
positions in the same window multiplied by -1 is shown below.
shifted to the right by one residue, the entropy and joint entropy of the positions increase. The
reason that positions 2, 3, and 4 covary is easy to understand intuitively: if you are given the
alignment and the identity of a residue at one position, you know the identity of the other two
with 100% confidence. It is tempting to think that this effect is simply due to the increase in
entropy at each position; this is demonstrably untrue as the effect is still visible when using the
covariation statistic Zp, which does not correlate with entropy [3].
To demonstrate the increase in Zp, the 5-position misaligned block in Figure 5.3 was at-
tached to the N-terminus of a triosephosephate isomerase alignment so Zp could be estimated.
The covariation in the misaligned region can not be due to shared ancestry, but rather is an
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A. Conserved Positions
1 2 3 4 5
C D E F –
C D E F –
C D E F –
C D E F –
B. Conserved H
1 2 3 4
0 0 0 0
C. Conserved JointH
1 2 3 4
1 – 0 0 0
2 0 – 0 0
3 0 0 – 0
4 0 0 0 –
D. Conserved MI
1 2 3 4
1 – 0 0 0
2 0 – 0 0
3 0 0 – 0
4 0 0 0 –
E. Conserved Zp
1 2 3 4
1 – -0.01 -0.01 -0.01
2 -0.01 – -0.01 -0.01
3 -0.01 -0.01 – -0.01
4 -0.01 -0.01 -0.01 –
F. Shifted Positions
1 2 3 4 5
C D E F –
– C D E F
C D E F –
– C D E F
G. Shifted H
2 3 4
0.23 0.23 0.23
H. Shifted JointH
2 3 4
2 – 0.23 0.23
3 0.23 – 0.23
4 0.23 0.23 –
I. Shifted MI
2 3 4
2 – 0.23 0.23
3 0.23 – 0.23
4 0.23 0.23 –
J. Shifted Zp
2 3 4
1 – 20.47 20.47
2 20.47 – 20.47
3 20.47 20.47 –
Figure 5.3: Positions with shift error have high markedly increased covariation scores. When
positions 1, 2, 3, and 4 are aligned correctly (A) the positions are conserved and thus there is no
entropy (B), joint entropy (C) and therefore no mutual information (D) between the positions.
Zp was calculated by replicating and attaching the sequences in (A) and (D) to the N-terminus
of a triosephosphate isomerase alignment such that every sequence began with the four-residue
insertion and gap at the N terminus. The Zp scores of the conserved positions fell below the
significance threshold of 4.5 (E). The alignment was altered to simulate worst-case shift error;
half the sequences were shifted one position to the right (F). These positions have the highest
possible entropy (G), joint entropy (H), and mutual information (I) scores for a position with
only two residues. As with the conserved alignment, the shifted alignment was inserted at
the N-terminus of an alignment of triosephosphate isomerase, such that half the sequences
contained a gap after the four residues and the other half contained a gap before the four
residues. The resulting Zp scores are well above the threshold of 4.5 (J).
5.3. Results 111
entirely synthetic side-effect of the alignment process and thus the phylogeny correction of
Zp does not compensate for it. The result is a Zp score much higher than the 4.5 cutoff judged
to be significant [3]. This effect is analogous to any position which contains information, but
with a moderately decreased effect. The increase in covariation is, in fact, due to the propor-
tionally larger increase in positional entropy to joint entropy which is localized only to the
misaligned positions.
Little and Chen [15] showed that the covariation statistic, Zres, was capable of high accu-
racy when predicting contacting pairs of positions. Zres emphasizes pairs of positions which
covary strongly relative to the covariation distribution of positions involved, rather than the en-
tire Zp distribution. We investigated whether ∆Zp and Zres predict contacts with high accuracy
because of insensitivity to misalignment. However, we used Zpx, a variation on Zres which is
calculated more efficiently but is virtually identical (Supplementary Methods S1).
Figure 5.4 shows the difference across a 6-residue window in mean Zp, ∆Zp, and Zpx (cal-
culated as in Materials and Methods) values between the initial alignment and an alignment
where an interior segment was systematically misaligned by 30%. Here, positions in the align-
ment were found to have mean local Zp scores that were up to 60-fold greater than the mean
local value for the initial alignment (Figure 5.2 - Initial alignment vs. 30% misalignment). In
contrast, the difference scores in ∆Zp and Zpx were much smaller in the misaligned region.
Thus, we predicted that high local Zp values may be useful to detect misaligned segments in
protein families and that ∆Zp and Zpx may be insensitive to misaligned segments.
5.3.2 Systematic misalignments in CDD
The above analysis on modeled data suggests that if systematically misaligned protein fami-
lies exist in popular datasets, they might have segments that display high local Zp values. The
Conserved Domain Database (CDD) [18] was examined for protein families that contained
aligned segments displaying elevated mean Zp values in 6-residue windows; a number were
identified that had 5 or more 6-residue windows with mean local Zp scores ≥ 2.5 (Table S1).
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Figure 5.4: ∆Zp and Zpx are less affected by sequence misalignments than Zp. The difference
between the mean block scores (Zp, Zpx, ∆Zp) for the reference alignment and the alignment
containing 30% misalignment is plotted for each measure.
cd00300, the alignment for L-lactate dehydrogenases which is shown in Figure S1A, is one
example of an alignment identified to contain systematic misalignments. Examination of the
alignment found two sub-populations of sequences that did not fit the overall alignment con-
sensus in these regions (Table S2). One population included sequences that were misaligned in
the central portion of the alignment; these were found to be malate dehydrogenase sequences.
The second population was composed of partial sequences that were stretched to fit the overall
alignment model. Furthermore, the ungapped segments of the structure alignment were placed
incorrectly. Removal of both classes of sequence as well as correcting the structure alignment
resulted in a more uniform mean local Zp as shown in Figure S1B. Interestingly, the residues
near the central catalytic core region were much more conserved when the malate dehydroge-
nase sequences were removed from the alignment. As expected from the modeled data, the
contamination of the initial alignment by the paralogous malate dehydrogenase protein family
increases Zp scores at the conserved active site.
Systematic misalignment errors have a dramatic effect on the predictions of a covariance
method. The set of predicted covarying pairs are often visualized as a contact map, a two
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dimensional array where the secondary and tertiary structure of the protein are visible [7]. Be-
cause Zp is sensitive to systematic misalignment errors, the contact map produced from the
original cd00300 alignment contains predictions centered around the sites of misalignment
and contains no useful structural information as shown in Figure 5.5-Zp:original. In contrast,
∆Zp and Zpx produce more informative contact maps than Zp even with systematically mis-
aligned data; however, the contact maps are largely composed of local contacts covering the
secondary structure of the protein (Fig. 5.5-original). When the repaired alignment was used,
the contact maps of all three measures show predictions across the length of the protein en-
compassing both secondary and tertiary structure (Fig. 5.5-repaired). We conclude that the
corrected alignment was more informative than the initial alignment for contact prediction.
We next measured the mean number of pairs in contact between the pair of positions with
the nth highest or better MI, Zp, ∆Zp or Zpx values using the set of alignments in the CDD that
met the minimum criteria, outlined in the Materials and Methods; these criteria are established
as requirements to accurately identify contacting pairs in protein families. From these families,
those that possessed 5 or more 6-residue segments with mean local Zp values ≥ 2.5 were se-
lected. There were 16 such families that met the criteria for making contact predictions. These
alignments are referred to as the ‘worst CDD’ because they are likely to contain systematic
misalignments. The 84 protein families which were not included in the worst alignments set,
which also met criteria for presence of covariation (Materials and Methods) are referred to as
the ‘best CDD’ dataset. We also examined 5 highly curated protein families that were aligned
using the Cn3D program [11] with multiple structural lines of evidence to support the inclusion
of each sequence in the alignment (Materials and Methods).
The circles in Figure 5.6 show that all four covariation measures were able to identify many
contacting pairs of positions in the curated alignments. MI was the worst performing measure,
but the top 3 pairs were in contact in 4 of the 5 curated alignments. Zp was much better than
MI, and ∆Zp and Zpx outperformed Zp. The ∆Zp and Zpx measures had similar accuracies;
the top 7 highest scoring pairs of both ∆Zp and Zpx were in contact and the top 20 pairs of
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Figure 5.5: Predicted contact map shows repaired cd00300 alignment is more informative than
the original. The top 50 highest Zp, ∆Zp, and Zpx values were plotted on the 2-D map of the
original cd00300 alignment (top) which contains systematic misalignments and the repaired
version of cd00300 (bottom) with many misalignments removed. The data is displayed as a
predicted contact map where black-filled circles are pairs in contact and white-filled circles
are pairs not in contact. The majority of high-scoring Zp pairs in the original alignment are
uninformative local contacts located in a major region of misalignment (top left). The contact
maps of ∆Zp and Zpx cover much more of secondary and tertiary structure in both the original
and repaired alignments.
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each had a ≥80% likelihood of contact.
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Figure 5.6: The effect of alignment quality on contact identification. All methods identify many
contacts in the curated dataset. Plotted here is the mean fraction of pairs in contact of the top nth
ranked pairs (up to 20) for the Curated, Best CDD, and Worst CDD datasets using MI, Zp, ∆Zp,
and Zpx. The Curated dataset contains ideal alignments that are hand-curated for accuracy.
Best CDD contains alignments which are unlikely to contain systematic misalignments. Worst
CDD contains alignments which are likely to contain systematic misalignments. Only pairs 10
or more positions apart in sequence are included to prevent proximity in sequence from biasing
results.
All four methods performed much worse in the CDD-based datasets. Again ∆Zp and
Zpx performed similarly and both were superior to Zp. However, Zp and MI identified very
few positions in contact in the ‘worst’ alignments, and the highest scoring pair was no more
likely to be in contact than the nth-best scoring pair. We suggest that the large disparity between
contact prediction accuracy of Zp on the best and worst datasets is because Zp is sensitivite to
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systematic misalignments present in the ‘worst’ dataset while ∆Zp and Zpx are not.
5.3.3 Comparison of sensitivity
We were interested in the sensitivites of Zp, ∆Zp, and Zpx. The sensitivity of covariation
methods is affected by the number of sequences [19], the number of positions in the alignment
[3] and the structure used as the reference. The sensitivity of each method was determined by
assessing the number of contacting pairs found at given likelihoods of contact, and is shown
in Table S3 for contact likelihoods between 50% and 90%. All three methods identified over
17 pairs of positions per protein family with a contact likelihood of 50%. The number of pairs
identified dropped off dramatically as the contact likelihood increased; Zp found an average
of 4.4 pairs, ∆Zp found an average of 5.6 pairs and Zpx identified 6.5 pairs at 90% contact
likelihood. We conclude that Zpx is more sensitive than the other measures, but that no measure
vastly outperforms any other.
We wanted to know if the three methods were identifying the same set or a different set of
contacting pairs. We identified alignments in the CDD where ≥ 80% of the pairs found were in
contact in each alignment (Materials and Methods, Table S4). Zp identified 767 pairs of which
85% were in contact, ∆Zp identified 906 (85% contacting) and Zpx identified 1055 pairs (84%
contacting). The overlap in the 1411 total pairs is shown in Figure 5.7, with the proportion
of pairs in contact given below each measure. Several observations can be made. First, no
method identified all pairs found by any other method; Zpx, ∆Zp and Zp identified 75%, 64%
and 54% of the total pairs with 15%, 14% and 10% of the pairs being unique to each method.
The pairs most likely to be in contact were pairs identified by both ∆Zp and Zpx. These 685
pairs composed 49% of the total pairs identified with 626 in contact (91% contacting). We
conclude that pairs identified by both ∆Zp and Zpx were more likely to be in contact than if
either was used by itself.
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425 / 452
(0.94)
120 / 154
(0.78)
15 / 26
(0.58)
201 / 233
(0.86)
95 / 135
(0.7)
139 / 216
(0.64)
133 / 195
(0.68)
Zp Zpx
ΔZp
Figure 5.7: Zp, ∆Zp, and Zpx find different subsets of contacting positions. Venn diagram of
pairs identified at 80% contact likelihood cutoff shown as number in contact vs. total predic-
tions. Only pairs 10 residues or more apart in sequence were considered to prevent proximity
in sequence from biasing results.
118 Chapter 5. Multiple sequence alignment errors and coevolution
5.3.4 ∆Zp and Zpx emphasize pairwise covariation
We were interested why ∆Zp and Zpx were so effective at identifying contacting pairs. We
examined this by modeling group coevolution with the simple model of in silico evolution
described in the Materials and Methods and generated 10 independent alignments where the
size of the coevolving group varied between 0 (no covariation) and 10, and the probability of
coevolution was varied in increments between 0 and 0.95. These model alignments were used
to examine the relationship between group size and the covariation score for each measure.
Figure 5.8 shows the effect of group size and coevolution probability on the mean values
for the three statistics. If we examine the mean values for the extreme case where coevolution
occurs at the maximum probability, we see that in all 3 methods the pairwise coevolving posi-
tions (ie. group size = 2) have much higher mean values than do instances where coevolution
occurs in groups of 10. This effect is less pronounced for the intermediate group sizes of 4 or
5. In the case of Zp, residues that coevolve with an intermediate group size attain mean scores
greater than 6, which is close to the mean Z score for coevolving pairs of positions. How-
ever, both ∆Zp and Zpx show markedly lower mean scores for the intermediate sized groups
of coevolving positions than for pairwise coevolving positions. The effect is similar at lower
coevolution probabilities for all three methods, although it is non-linear for Zpx. We conclude
that the ability of ∆Zp and Zpx to emphasize the effect of pairwise covariation at the expense of
group covariation explains in part why these two methods identify contacting pairs with greater
sensitivity and specificity than other non-parametric methods.
5.4 Discussion
It is assumed that the covariation signal derived from structural and functional constraints is
superimposed on the phylogenetic and stochastic signal [28]. This idea has led several groups
to make the assumption that if a method identifies some structural covariation as indicated
by contacting pairs, then other pairs with equivalent or higher scores not in contact must be
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Figure 5.8: The effect of covariation probability and covarying group size on covariation mea-
sures. Sequences were evolved with each residue having a fixed probability of changing to
another residue per time step as described in the Materials and Methods. Positions were placed
in groups of 2 (©), 4 (), 5 (^), or 10 (4) and constrained to coevolve with likelihoods of 0.1,
0.25, 0.5, 0.75 and 0.95. For example, if the group size was 4 and the likelihood of coevolution
was 0.25, then if the residue of one member of the group was changed during the time step,
then each of the other three members of the group was allowed to change to another residue
with the fixed probability given on the X axis. The Y axis shows the mean score for each group
size and each probability for 10 replicate in silico evolution runs.
120 Chapter 5. Multiple sequence alignment errors and coevolution
caused by functional constraints [8, 16, 27]. However, since the true coevolving pairs in an
alignment are unknown [28, 20], the alternative explanation is that some of these pairs may
be false positive identifications. Here we show that a strong covariation signal can be caused
by alignment error, potentially leading to false positive predictions. Specifically, covariation
analysis of cd00300 would result in incorrect assignment of both conserved and covarying
residues and thus an incorrect understanding of the protein.
Local covariation increases with misalignment proportionally to the amount of conserva-
tion at a position and inversely proportional to the amount of entropy. Covariation can be
understood as proportionally high positional entropy relative to low joint entropy. This is re-
lated to the underlying information-theoretic values outlined in figure 5.3. Positions with low
conservation are less susceptible to the local covariation effect because they already contain
many of the possible residues making the proportional increase of entropy to joint-entropy less
significant. Similarly, misaligning random sequences has a smaller effect than sequences that
are misaligned together as a clade. If sequences are misaligned as a clade, the increase in
joint-entropy is proportionally smaller because the sequences are related and aligned together
which causes a larger increase in local covariation. The test to generate figures 5.1 and 5.2 is
very conservative since the selection and shift are both done randomly. Conversely any algo-
rithm which uses a phylogenetic tree to build the alignment will be susceptible to hierarchical
clustering of misaligned sequences, which are easier to detect.
It is worth noting that the ability to detect misalignments is unique to Zp when compared
to other statistics outlined in this manuscript. MI does not identify misalignments because
background covariation signal is too high. The ∆Zp and Zpx statistics do not identify mistal-
ignments because they filter out the misalignment covariation signal. Zp works because it
transforms the covariation values based on the assumption that the background covariation is
due to shared phylogeny and relative entropy — an assumption that is explicitly violated when
misalignments are introduced.
The increased local covariation methods outlined in this paper have already been critical
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to the completion of two publications. In one [9], Gloor et al. used local covariation (as
in Figure 5.2) to improve a structure-based sequence alignment of phosphoglycerate kinase.
As outlined below, increased local covariation was the crucial tool that identified regions in
the alignment which were likely to produce false positive results. In the second [13], Klein-
stiver et al. used increased local covariation to validate an alignment of the GIY-YIG homing
endonuclease I-Bmol, and prevented contamination by paralogous sequences. Furthermore,
covariation statistics Zp, ∆Zp, and Zpx were used to identify new structurally and functionally
important pairs of residues. These successes demonstrate the effectiveness of increased local
covariation and the new covariation statistics.
We found that flaws in the alignments themselves often result in positions having high co-
variation scores because of systematic misalignments. Since systematic misalignments involve
several positions that are close in sequence (eg. cd00300), this could explain some of the group
covarying positions that have been seen by many investigators, eg. [8, 5]. We suggest that ev-
idence of group covariation between residues close in sequence be investigated carefully. For
example, Gloor et al. found that increased local Zp identified two regions of phosphoglycer-
ate kinase which contained subclusters of residues found in completely different environments
[9]; structurally-conserved segments were either exposed to solvent or buried because of the
replacement of a nearby alpha helix in some structures with a beta strand in others.
The logic of building an alignment is partially circular: alignments are built in part by
maximizing sequence conservation, but then are used to find conserved positions which are, in
turn, identified as important. While structure-based methods are often used as the benchmark
and standard for protein alignments [25], Lo¨ytynoja and Goldman [17] showed that structure-
based alignments are not as reliable as expected for genome annotation. Similarly, we found
that some structure-based protein alignments are inappropriate for covariation analysis and, as
noted above, that Zp can identify misaligned regions. We found that markedly elevated local
Zp values were the hallmark of misaligned regions and suggest that the investigator proceeds
with caution during the analysis of positions showing this pattern of covariation. If an investi-
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gator draws conclusions from an alignment which has not been examined with increased local
covariation, there is an increased risk of drawing erroneous conclusions from the alignment.
Finally, we demonstrated that Zpx and ∆Zp are relatively insensitive to sequence misalign-
ments explaining the increased sensitivity and selectivity of these methods to identify con-
tacting pairs. The ability to identify misaligned segments coupled with the use of measures
insensitive to misalignment reduces the risk of systematic misalignment and provides opportu-
nities to correct and re-analyze the alignment. Zpx and ∆Zp identified different subpopulations
of pairs, which implies that neither method is, as yet, optimal. We find it interesting that both
modifications use the independent covariation signal from positions i and j to derive the final
statistic, suggesting that the relative covariation signal of each position is informative.
The sensitivity of Zp to systematic alignment errors can be exploited to identify regions of
potential misalignment. Covariation provides an independent method for verifying the qual-
ity of an alignment and should therefore be especially useful for verifying alignments built
on sequence conservation alone. The cd00300 alignment showed that misalignments occur in
structure-based alignment datasets; importantly, cd00300 showed that misalignments occur in
functionally-important conserved regions. We recommend investigating any incidents of in-
creased local Zp (as in Figure 5.1, 5.2 or S1) as they may indicate systematic misalignment or
an interesting phenomenon causing increased local covariation. We conclude that increased lo-
cal covariation is an effective guide for improving or validating a multiple sequence alignment
and initial observations suggest that mean pairwise Zp scores above 2.5 over a window of 6
should be investigated.
Our work shows that the quality of the alignment is critical for correct assignment of pairs
of residues in covariation analyses; unfortunately, all alignment methods produce lower-quality
covariation predictions when erroneous sequences are included. However, it is impossible
to know for certain if all positions in an alignment are assigned correctly even when using
state-of-the-art methods. Therefore, we recommend ∆Zp and Zpx over other statistics as they
provide better contact prediction because they are demonstrably less susceptible to systematic
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misalignment errors than other covariation measures like Zp.
5.5 Materials and Methods
5.5.1 Modeling Systematic Misalignment
A hand-curated alignment for triosephosphate isomerase was created using Cn3D [11]. An
ungapped segment of the alignment was selected to be the artificially misaligned segment. The
misaligned segment is highlighted in each figure. Within this segment, each sequence has a
5%, 10%, or 30% chance of being shifted. Each sequence selected to be misaligned has an
equal chance of being shifted one position left or right.
5.5.2 Alignment curation and criteria for contact prediction
Multiple sequence alignments were extracted from the CDD database downloaded from NCBI
on April 17, 2008. They were curated to include only those alignments with at least one struc-
ture, more than 125 sequences and ≥50 ungapped positions in the alignment. Three datasets
were benchmarked in Figure 5.6. ‘Worst CDD’ are a subset of the outlined CDD sequences
which are likely to contain misalignments as they contain 5 or more 6-residue segments with
mean Zp ≥ 2.5. ‘Best CDD’ contains sequences which are not in the ‘Worst CDD’ dataset,
but which also have at least (L / 10) values of Zp ≥ 4.5 (where L is the length of the protein).
This ensures that the alignment has some covariance information, but makes no judgements
about the location of these pairs in sequence or in structure. The ‘Curated’ dataset contains 5
structure-based hand-curated alignments curated according to Dunn et al. [3]. For Figure 5.7,
we identified alignments in the CDD that had ≥ 150 sequences, ≥ 50 non-gapped positions.
We curated this set so that each covariance method was able to predict contacting pairs at an
accuracy of at least 80%. To ensure the structure used to assign contacting pairs did not bias
the results, we used alignments where the covariance methods agreed on which structure was
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of highest quality. The 100 alignments meeting these criteria are listed in Table S4. When co-
variation statistics predict contacting pairs, we define contact as any non-hydrogen atom from
one residue being within 6 Å of any non-hydrogen atom from the other residue. To prevent
proximity in sequence from biasing results, only positions 10 or more apart in sequence are
considered when using contact as a benchmark.
5.5.3 cd00300-based alignments
cd00300 is a structure-based alignment of lactate dehydrogenase from CDD. The original
cd00300 dataset is composed of the sequences in this alignment. The repaired cd00300 dataset
has 13 sequences removed because of alignment issues (annotated in Table S2). The orig-
inal cd00300 alignment is used as it existed in CDD. The repaired version of cd00300 was
realigned using Cn3D [11] based on a refined structure alignment based on errors of probable
misalignment according to increased local covariance.
5.5.4 Covariance statistic calculations
Covariance statistics were calculated according to Martin et al. [19], and Dunn et al. [3]. Zpx is
similar to the Zres statistic of Little and Chen [15], but simpler to calculate (Supplementary
Methods S1). Positions that contain gaps are not analyzed because gaps violate the assumption
of orthology connecting covariation with coadaptation and coevolution (Figure S2).
Mutual Information (MI) measures the reduction in uncertainty of one variable given in-
formation about another variable and was calculated as previously [19]. As shown in equation
1, in the context of protein sequence families it measures the difference between the expected
entropy (H) of residues in two columns i and j if they were independent against the observed
joint entropy, Hi, j.
MIi, j = Hi + H j − Hi, j (5.1)
The underlying assumption when calculating MI is that all events are independent; this is not
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true in the context of protein families since, to a first approximation, every position in a protein
family shares common ancestry with every other position, and the positions in a gene for a
given protein are rarely split by recombination. MIp, the product corrected MI, estimates the
background MI signal caused by sequence non-independence [3] as shown in equation 2
MI pi, j = MIi, j − (MIi,x × MI j,x)/MI (5.2)
where MIi,x is the mean MI of position i with all other positions and MI is the overall mean
MI.
The MIp values were converted to Z scores since absolute MIp values vary somewhat be-
tween alignments and because the underlying distribution of MIp values approximates a Gaus-
sian distribution in the absence of structural and functional covariation [3]:
Zpi, j = (MI pi, j − MI p)/σ(MI p) (5.3)
where again MI p is the mean MIp and σ(MI p) is its standard deviation.
Zpx is a modification of Little and Chen’s Zres statistic [15] that is based on the residual
MI of a linear regression between MIi, j and the mean MI of positions i and j, MIi × MI j.
The plot shown in Figure 1A shows that the residual is nearly identical to MIp with a slope
of 1, an intercept of 0 and an r2 value of 0.9995. Zres is the product of the Z scores derived
from the residuals for each individual position [15]. Since the residual and MIp are virtually
indistinguishable (Supplementary Methods S1), we substituted the more efficiently calculated
MIp for the residual in the formula for Zres as shown in equation 5 to calculate Zi× j.
Zi× j =
MI pi, j − MI pi
σ(MI pi)
× MI pi j − MI p j
σ(MI p j)
(5.4)
As expected from the similarity of the underlying statistics, Zres and Zi× j are extremely
similar with a slope of 0.9998, an intercept of 0.0005 and an r2 value of 0.9998. Note that the
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Zres and Zi× j values are the product of the two Z scores, and so these values scale geometrically
when compared to Zp. In this study we use Zpx, which is the square root of Zi× j to allow
comparison of the Zp and Zi× j values on similar scales.
∆Zp is a measure of the difference score between successive Zp scores at position i. ∆Zp was
calculated by placing the Zp values of position i with all other positions, x, in an ordered list,
with the largest Zp value first, i.e. Li = (Zpi,x,Zpi,x+1,Zpi,x+2...Zpi,x+(N−1)), where N is the num-
ber of Zp values for position i. ∆Zp is the sequential difference between list elements scaled
by interquartile units as follows:
∆Zpi,x =
Zpi,x − Zpi,x+1
R
(5.5)
where R is the interquartile range calculated as 12 the difference between the 75
th and the 25th
percentile for the data in Li. The interquartile range scaling factor and the median provide
robust estimates of dispersion and central tendency that compensate for variation in the distri-
bution of Zp at each position while making the minimum number of assumptions about the
underlying distribution. Thus ∆Zp measures how extreme the difference in Zp scores is for all
pairs of positions, i, x.
Since each Zp score is a measure of the covariation between two positions, i and j, there
are two ∆Zp scores for each pair of positions: one is the difference between Zpi, j and the next
highest score for position i, and the other is the difference between Zp j,i and the next highest
scoring position for position j. We used the greater of the ∆Zp scores.
MI, and the derived statistics, MIp, ∆Zp and Zpx were calculated only for ungapped po-
sitions in the multiple sequence alignments. Covariation analysis attempts identify those po-
sitions that are coevolving for structural or functional reasons, and as shown in this report,
depends upon the precise placement of homologous positions in the alignment.
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5.5.5 Screening for misalignments using increased local MIp
The average Zp score and average entropy were calculated for all pairs in a ungapped window
of width 6. When graphed, high peaks represent increased local Zp. We consider peaks of
height 2.5 or higher to be worth investigating, but these could also represent strong covariation
due to secondary structure.
5.5.6 Synthetic coevolution dataset
The data in Figure 5.8 were generated using the simple model of coevolution described pre-
viously [19]. In brief, the initial sequence had substitutions introduced at each position with
a probability derived from a uniform probability distribution. Sequences were split or ‘speci-
ated’ with a constant probability. Groups of positions were constrained to coevolve such that
if a substitution occurred in one member of the group the remaining members of the group had
a substitution introduced with a given probability which ranged between 0.1 to 0.95. Group
sizes were varied between 2 and 10. Alignments derived from this method have been shown to
recapitulate many properties relevant to coevolution [19].
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Chapter 6
Coevolution statistics detect benchmark
alignment errors
6.1 Abstract
The use of sequence alignments to understand protein families is ubiquitous in molecular bi-
ology. High quality alignments are difficult to build and protein alignment remains one of
the largest open problems in computational biology. Misalignments can lead to inferential er-
rors about protein structure, folding, function, phylogeny, and residue importance. Identifying
alignment errors is difficult because alignments are built and validated on the same primary
criteria: sequence conservation. Local covariation identifies systematic misalignments and is
independent of conservation.
We demonstrate an alignment curation tool, LoCo, that integrates local covariation scores
with the Jalview alignment editor. Using LoCo, we illustrate how local covariation is capable
of identifying alignment errors due to the reduction of positional independence in the region
A version of this chapter has been published.
RJ Dickson, GB Gloor. (2012). Protein Sequence Alignment Analysis by Local Covariation. PLoS One. 7(6):
e37645.
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of misalignment. We highlight three alignments from the benchmark database, BAliBASE 3,
that contain regions of high local covariation, and investigate the causes to illustrate these types
of scenarios. Two alignments contain sequential and structural shifts that cause elevated local
covariation. Realignment of these misaligned segments reduces local covariation; these alter-
native alignments are supported with structural evidence. We also show that local covariation
identifies active site residues in a validated alignment of paralogous structures.
Loco is available at https://sourceforge.net/projects/locoprotein/files/
6.2 Introduction
Multiple sequence alignments are critical for generating and testing hypotheses based on pro-
tein structure, function, and phylogeny. Protein alignments are built based on the assumption
that each position (column) in the alignment is homologous [11]. With structural information,
homology is typically validated by demonstrating that two residues occupy the same location
in 3D space since structural homology implies sequential homology [24]. If only sequence
information is available, positions are assigned based on the conservation of residue identity or
properties, which is inherently less reliable than structural inference. The logic of interpreting
sequence alignments is, therefore, circular: alignments are built, validated, and used based on
a single criterion, conservation. A conservation-independent property of sequence alignments
is a valuable adjunct to validate a sequence alignment.
Structure alignments are used to validate sequence alignments because they provide evi-
dence independent of sequence; thus, benchmark datasets like BAliBASE include structural
support [37, 36]. Unfortunately, structures are comparatively rare and cannot be used to val-
idate all sequence alignments. In BAliBASE 3, there are many alignments that contain few
structural seeds compared to the number of sequences. Furthermore, Kuziemko et al. noted
that structurally supported alignments often do not score as highly as alignments that optimize
the dynamic programming scoring function of sequence alignment algorithms, suggesting se-
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quence alignment algorithms frequently reject the structurally valid alignment when such an
alignment exists [24]. As sequence and structure grow more distant it becomes increasingly
difficult to produce an alignment.
Multiple sequence alignment methods are typically benchmarked against high-quality datasets
such as BAliBASE [37, 36]. In principle, BAliBASE alignments should represent the upper
limit of quality that can be achieved using existing methods as they are both structure-aided
and manually curated. Authors of sequence alignment algorithms strive to create alignments
that are the most similar to the benchmark dataset. Benchmark datasets must be of the utmost
quality to be reliable for assessing competing methods. However, Edgar demonstrated that
inconsistencies and potential errors exist even in benchmark datasets like BAliBASE [9].
Another resource for hand-curated structure-based sequence alignments is the Conserved
Domain Database (CDD) [28]. While CDD, was not originally designed to be a benchmark
dataset like BAliBASE 3, its hand-curated structure alignments of are sufficient quality to be
used as the benchmark dataset when analyzing structure alignment algorithms [22].
Alignments are also susceptible to errors for reasons independent of the circular logic of
sequence alignment. Without careful manual curation, structure alignment algorithms are sus-
ceptible to shift error [22]. Shift errors are misalignments where the sequence has been shifted
by 1 or more positions, though major secondary structural elements are still aligned. Since
structure-based alignments are built by progressively aligning sequences to the seed structure
alignment, shift errors can propagate systematically.
Progressive multiple sequence alignment strategies can also be prone to systematic prop-
agation of errors as sequences are progressively added to a growing alignment. Iterative se-
quence alignment methods attempt to resolve this issue by employing a refinement step after
the initial alignment is built. However, at present there is no method that reliably identifies
shift errors. A disagreement between two theoretically valid alignment predictions is therefore
very difficult to resolve; the current solution is to trust a benchmark dataset if available.
Covariation analysis is a statistical method used to understand coevolution in proteins [1].
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Covariation can be understood intuitively as a measure of the reduction in uncertainty about
one position given information about another. Covariation scores have minima when either
both positions are absolutely conserved or when both positions are randomly assorting. A
high covariation score implies that knowledge of one position provides information about the
identity of the other.
Covariation statistics are used to indicate whether two residues are potentially coevolving
[12, 30, 20, 10, 7, 26, 6, 33]. Coevolving residues are thought to arise by a mechanism of con-
strained amino acid change [12, 40, 32]. Many covariation statistics predict contacting pairs
with high accuracy [7, 6, 26, 39]. If this dependency between positions is due to some evolu-
tionary process, like structural or functional constraints, then it is often defined as coevolution
[2]. For clarity, coevolution is an evolutionary process, and covariation is the statistical non-
independence used to identify it. When using covariation statistics to find coevolving pairs of
positions a number of assumptions about the nature of the alignment are made; this includes
the assumption that the protein family is properly aligned and all members are orthologous [6].
We previously demonstrated that with systematic sequence shifts (ie. synthetic misalign-
ments), alignments show patterns of increased sequence-local covariation in the shifted seg-
ment [6]. We have extended the observations from [6] into an alignment curation tool called
LoCo. LoCo is based on Jalview [4, 38] and provides a local covariation measure in real-time
while curating an alignment. We use case studies to show how to apply LoCo to both the
Conserved Domain Database [22] and BAliBASE 3 database [36] to identify sequence align-
ments that have regions of high local covariation. We provide examples of structurally vali-
dated realignments of the BAliBASE 3 benchmark dataset with both covariation and structural
justification. Increased local covariation also identifies important functional residues in a struc-
turally valid alignment from the BAliBASE 3 database. Finally, we demonstrate the method of
investigating local covariation to determine if adjustments of the alignment is warranted.
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6.3 Results
6.3.1 Illustrating How Covariation Identifies Sequence Shifts
The covariation statistic Zp (calculated as in Materials and Methods) is exquisitely sensitive to
identifying residue non-independence in pairs of columns [7, 6]. To illustrate this effect, we
created a 7-position synthetic alignment prepended to a 200 residue alignment of methionine
aminopeptidase (Materials and Methods). Each column in the alignment is composed of a
random assortment of 3 residues. Then, a small fraction of positions two through six were
shifted 1 position to the right (Figure 6.1A). Positions 1 and 7 were not shifted and so were
always randomly assorting relative to the other positions.
This alignment was loaded into the LoCo alignment viewer, which uses the existing Jalview
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Figure 6.1: Local covariation identifies alignment shift errors. (A) A synthetic alignment was
created for covariation analysis. Each of the 7 positions (columns) in the alignment contained a
random assortment of 3 residues. A subset of the sequences (rows) in the alignment were then
shifted for positions 2, 3, 4, 5, and 6 one position to the right. Position 1 and position 7 were
not shifted. (B) A matrix of all pairwise covariation scores for the unshifted synthetic align-
ment where darker grey represents higher covariation calculated as in Materials and Methods.
All positions randomly assort compared to one another; thus, panel B represents the back-
ground covariation for the synthetic block. Jalview conservation scores are also shown for
each position. (C) Matrix of covariation scores where 3% of sequences (6 of 200) are shifted
for positions 2 — 6. Covariation increases between all shifted positions, but does not increase
between unshifted positions 1 and 7 and any of the unshifted positions. Conservation scores
remain unchanged. (D) Matrix of covariation scores like panel C, except 5% of sequences are
shifted. Covariation scores increase further between shifted positions, but unshifted positions
show scores comparable to background as in panel A. Conservation scores remain unchanged.
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codebase but replaces the Quality score with Local Covariation (Materials and Methods). Fig-
ure 6.1B (top) shows a heatmap of covariation scores when the statistic Zp [7] is applied to
the synthetic block when no sequences are shifted (Materials and Methods). Darker shading
represents higher conservation or covariation scores. Since all positions are randomly assort-
ing and thus independent of one another, this heatmap represents the background covariation.
The starting conservation scores, as calculated by Jalview, for the initial aligned positions are
shown below. Figure 6.1B establishes a baseline for comparison; light grey implies a negligible
covariation score.
The heatmap shown in Figure 6.1C shows all pairwise covariation scores when positions 2
through 6 contain 3% (6 of 200) shifted sequences. It is apparent that all pairwise covariation
scores in the shifted region have increased compared to the baseline. Furthermore, the un-
shifted flanking positions, 1 and 7 (and all other unshifted positions in the MAP1 alignment),
remain unchanged compared to the baseline shown in Figure 6.1B and have negligible covari-
ation scores. Finally, Figure 6.1D shows that when 5% (10 of 200) of sequences are shifted,
there is a marked increase in covariation scores in the misaligned region; also, there is no no-
ticeable change in the amount of covariation between any unshifted positions. Finally, notice
that conservation, which is the primary criterion on which alignments are built and evaluated,
remains visibly unchanged in Figures 6.1B, 6.1C, and 6.1D.
The reason for increased local covariation in the shifted regions is the reduction of uncer-
tainty between shifted positions[7, 6]. When two positions assort independently, as seen in
Figure 6.1B, the knowledge of the residue present at a given position provides no informa-
tion about any other position. However, when a block of sequence is shifted, positions are no
longer independent, and positions in the same shifted block share predictive power. This illus-
tration explains the observation in [6] that local covariation strongly correlates with systematic
misalignments.
This simple illustration shows that local covariation easily identifies segments of align-
ments with these types of sequence shifts as described previously [6]. Previously [14], we used
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Figure 6.2: Alignments with high local covariation found in alignment databases. Each align-
ment in the Conserved Domain Database [28] and BAliBASE 3 [36] is represented by a single
circle. Alignments are partitioned by the number of sequences and the number of regions of
high local covariation. A region of high local covariation is defined as a local covariation peak
greater than or equal to 2.0. Alignments with two adjacent regions of high local covariation
are coloured blue. Regions that contain three or more contiguous regions of high local covari-
ation are coloured red. (A) Analysis of all conserved domains (cd) in the Conserved Domain
Database (CDD). (B) Analysis of all alignments in BAliBASE 3.
local covariation to identify a region that could assume either be alpha helical or beta stranded
conformation within the orthologous phosphoglycerate kinase gene family. The remainder of
this paper shows how local covariation can be used to identify other possible sources of high lo-
cal covariation. As shown here, these can include putative systematic sequence misalignments
and paralogous contamination of gene families.
6.3.2 Identifying Alignments with High Local Covariation
Local covariation is calculated as the mean covariation score over a window 6. If this mean
score is greater than or equal to 2.0 then it is considered a high local covariation peak. Of the
6874 conserved domains (cd) analyzed in the CDD database, 2189 had at least one peak at
or above 2.0 (Figure 6.2A). We also analyzed the BAliBASE 3 benchmark database. Figure
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Figure 6.3: Realigning serine protease using LoCo. (A) Region of high local covariation and
good conservation from alignment BB40047 from the BAliBASE 3 benchmarking dataset [36].
Five highlighted sequences do not show conservation of the disulphide bonded cysteine shown
structurally in panel C. (B) Realignment of region from panel A using local covariation as
a guide. (C) Structural validation of the alignment from panel B built in Cn3D [18]. Posi-
tions homologous to those shown in panels A and B are coloured by identity; the conserved
disulphide bond is highlighted in orange. (D) Neighbour joining tree of high local covariation
segment shown in panel A. Potentially misaligned sequences (indicated by arrows) cluster in
a clade joined to the remainder by a long branch. (E) Neighbour joining tree based on re-
aligned segment in B shows realigned sequences no longer cluster together as expected by the
phylogenetic relationship of the organisms.
6.2B shows that the majority of BAliBASE alignments do not have regions of increased local
covariation. However, we found that 60 of the 217 alignments in BAliBASE 3 had at least one
peak at or above the 2.0 local covariation threshold. Regions of high local covariation appear
to be common in these alignment databases. We show below that these should be investigated
manually to determine the root cause.
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6.3.3 Realigning a BAliBASE Multiple Sequence Alignment
In the BAliBASE 3 dataset, there were 37 alignments that contain contiguous blocks of high
local covariation (filled dots). Of these, 30 had three or more contiguous high local covariation
peaks, representing an extended range of high local covariation. We have chosen 3 alignments
BB11003, BB30002, and BB40047 from 3 different categories of BAliBASE that demonstrate
the characteristics of alignments with high local covariation. We illustrate how LoCo can be
used to characterize the source of the high local covariation.
We identified a contiguous segment of high local covariation in the BB40047 alignment of
BAliBASE 3. BB40047 is built upon the alignment of two structures containing a disulphide
bond shown in Figure 6.3C. Figure 6.3A, a screenshot from the LoCo tool, shows the sequence
alignment corresponding to the coloured region of the structure in Figure 6.3C. The region
highlighted is the only block showing increased local covariation in this alignment. The BAl-
iBASE alignment does not show conservation of the disulphide bonded cysteine; the presence
of a cysteine is necessary to maintain the disulphide bond.
Although there is no structural information for the highlighted sequences, we can infer
that the adjacent cysteine should be aligned to the disulphide bonded position because the
existing alignment would place the cysteine in a conformation unable to form a disulphide
bond. Figure 6.3D shows that the highlighted sequences group together when the region of
high local covariation is clustered using the built-in Jalview function for neighbour joining tree
by percent identity. Using the procedure outlined in the Methods section, the region can be
adjusted as shown in Figure 6.3B. The adjusted alignment shows perfect conservation of the
cysteine that is absolutely necessary for maintaining the disulphide bond shown structurally
in Figure 6.3C. The adjusted alignment also shows a marked decrease in local covariation.
After the sequences have been adjusted, they no longer cluster together (Figure 6.3E). Instead,
clustering is more similar to that expected by the organism relationships.
Thangudu et al. noted that imperfect conservation of disulphide bonds in alignments is
frequently caused by structure or sequence alignment errors [35]. The decrease in local covari-
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ation comparing the original BAliBASE (Figure 6.3A) with the realigned (Figure 6.3B) and the
absolute conservation of the disulphide bond illustrates how LoCo can be used for identifying
potentially troublesome sites.
6.3.4 Realigning a BAliBASE Structure Alignment
Some structure alignments generated by unsupervised algorithms suffer from shift error [22]
where the location of secondary structures are aligned correctly, but pairwise alignment of
residues is offset relative to the periodicity of the secondary structural element. Such align-
ments can be difficult to identify visually or by root-mean-square deviation (RMSD) because
the unshifted alignment preceding and following the misalignment can create the appearance of
correct alignment; as well, the misalignment can be obscured by other structures. We demon-
strate this type of an erroneous structure alignment in Figure 6.4.
Local covariation analysis of BAliBASE 3 identified a region of interest in the alignment
BB30002 (Figure 6.2). BB30002 is particularly difficult to analyze because it is an alignment
of several paralogous tRNA synthetases. In intra-molecular coevolution analyses, paralogous
sequences are seen as contamination and can lead to false-positve conclusions since their pres-
ence violates the implicit assumptions of coevolutionary analyses [23]. The BAliBASE align-
ment of structures representing prolyl- and threonyl-tRNA synthetases are shown in Figure
6.4A. Visual inspection of the structure alignment suggests the region is well-aligned. How-
ever, Figure 6.4B shows an alternative alignment with lower local covariation. The structure
alignments shown in Figure 6.4A and Figure 6.4B appear to be of equivalent quality when
visually inspected. However, the realigned structures in Figure 6.4B show an improvement to
the RMSD scores. The RMSD of the orthologous structures, 1H4Q and 1NJ8, improves from
2.44Å to 0.73Å . The RMSD of the paralogous structures, 1H4Q and 1EVK, improves from
2.85 Å to 1.67 Å. Thus when aligning divergent structures, misalignments may be undetectable
by visual inspection.
In Figure 6.4C and D, we analyze only the orthologous sub-family to clarify the structure
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Figure 6.4: Local covariation identifies structural alignment error in BAliBASE 3 alignment of
tRNA Synthetases (BB30002). Each panel shows a structure alignment built with Cn3D [18]
with the corresponding local covariation histogram from LoCo below. (A) Structure alignment
of the tRNA synthetase subfamilies from BAliBASE 3. Structures are coloured by fit and the
maximum local covariation value (2.8) implies a misalignment exists. (B) Realignment of
misaligned structure from panel A reduces local covariation (maximum peak 1.8). Both panels
A and B look very similar which explains why misalignment was missed during BAliBASE
manual curation process. (C) Structure alignment of only the misaligned region of Prolyl tRNA
Synthetase subfamily from panel A. Structures are coloured by identity such that conserved
residues are red. Local covariation maximum is 3.0. (D) Realignment of panel C to minimize
local covariation. Minimizing local covariation produces marked improvement in both the
structure alignment quality and sequence conservation.
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misalignment visually. Figure 6.4C shows the alignment of the high local covariation region
of only the prolyl-tRNA synthetase subfamily of BB40002. This region shows poor structural
conservation and residue identity. When the shift error is resolved using LoCo as a guide, the
quality of the alignment is markedly improved (Figure 6.4D). The alignment shows improved
sequence conservation and a much lower RMSD, from 3.28 Å to 0.63 Å. The local covariation
present in Figure 6.4C is no longer present in Figure 6.4D.
The BB30 category of alignments are designed to test the ability to properly align multiple
subfamilies into a single subalignment. Aligning paralogous sequences is particularly chal-
lenging because of increased sequence divergence and different functional constraints. Func-
tional divergence can result in increased substitution rates (type I divergence) [15]. Divergence
can also occur without a change in substitution rate in the form of differing residue proper-
ties allowed at a given position (type II divergence) [16, 17]. These types of divergence can
make it difficult to determine the alignment between paralogous proteins from sequence alone.
However, the misalignment presented in BB30002 is within a subfamily and is between two
structures. The discovery of a structural misalignment between two similar sequences from
the same subfamily in a hand-curated alignment demonstrates the importance of independent
validation of sequence and structure alignments.
6.3.5 Local Covariation Identifies Active Site Residues
Not all regions of high local covariation in BAliBASE are explained by potential misalign-
ments; in fact, some segments with high local covariation are structurally valid. It is thus
crucial to examine regions of high local covariation to determine the root cause. As outlined in
this section, local covariation can identify segments of interest that covary because of another
mechanism. In our analysis of BAliBASE 3, we identified BB11003 as an alignment with a
region of high local covariation(Figure 6.5). Two structures, 1AD3 and 1EYY, are of aldehyde
dehydrogenase; the other structures are of carboxylate dehydrogenase (1UZB), and γ-glutamyl
phosphate reductase (1O20). We investigated this alignment for an explanation of the high
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Figure 6.5: Local covariation identifies active site residues. (A) Screenshot from the LoCo tool
showing the region of high local covariation from BAliBASE 3 alignment BB11003. BB11003
is an alignment of four paralogous oxireductases with similar structure. The local covariation
peaks highlight four positions in the sequence alignment which are coloured in blue in panel B.
Two active site residues from structure 1AD3, E333 and F335, are emphasized in the sequence
alignment. (B) Structure alignment of residues shown in panel A made in PyMOL [5]. The
region of high local covariation is highlighted in blue; structure 1AD3 is emphasized with dark
blue. The NAD cofactor from structure 1AD3 is drawn in red. Important binding residues
E333 and F335 from 1AD3 are rendered in sticks representation.
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local covariation. The sequence alignment in the region of high local covariation (Figure 6.5A)
is supported by the structure alignment in the same region (Figure 6.5B). Thus, we concluded
that shift error did not explain the high local covariation.
As noted in the previous section, protein families undergo functional divergence after gene
duplication leading to paralogous alignments have specific characteristics. Functional diver-
gence that occurs at a only a clustered subset of positions will cause an increase in local covari-
ation. Thus, the presence of paralogues that have undergone type II divergence [16, 17] may
create a false-positive detection of misalignment. However, we show that the detection of type
II divergence in important functional regions may prove useful for identifying binding sites or
understanding divergence in paralogous families.
Structure 1AD3 included the coenzyme NAD, which is critical for enzyme function. Figure
6.5B shows that the region of high local covariation (blue) is oriented towards NAD (red). The
region of high local covariation spans four residues: E333, I334, F335, and G336. E333 is
absolutely conserved and therefore cannot contribute to any covariation score. The other three
residues, I334, F335, and G336, vary in the sequence of 1O20 but not in the backbone structure.
Because NAD is critical for catalysis [31], we hypothesized that the contacts made by E333
and F335 could be important for function [27].
The human homologues for positions E333 and F335, E399 and F401 respectively, have
been found to be important for function. The human E399 binds the NAD ribose; mutations
to the position significantly affect the catalytic rate [29]. F335 orients NAD through an aro-
matic stacking interaction Figure [27]. Thus, local covariation identified important functional
residues from a paralogous protein family. This example illustrates that not all regions of high
local covariation are caused by misalignments. Thus, it is important to visually inspect regions
of high local covariation to elucidate the cause.
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6.4 Discussion
Protein family misalignments can cause errors in downstream analyses — unimportant posi-
tions may be falsely identified as conserved or coevolving and critical conserved positions can
be overlooked. Systematic misalignments can reduce the bootstrap values of phylogenetic trees
or reinforce incorrect trees [25]. Thus, it is critical that alignments be validated by a criterion
independent of the assumptions used to build them.
Selecting which alignment is most likely correct can be a source of debate because there is
no high-throughput biochemical method to prove the validity of an alignment. Some investi-
gators prefer to believe the internally consistent output of an established alignment algorithm
over an alternative alignment with some biological justification. Here we provide a tool to
identify regions in an alignment that should be investigated. Automating alignment using local
covariation as a parameter is difficult because increased local covariation is not tautologically
equivalent to misalignment, as shown by the example of correctly aligned paralogs in Figure
6.5. However, as a guide for curation of protein alignments, the tool is extremely effective at
identifying regions of potential misalignment [14, 23, 6, 34].
We provide strong structural evidence of the validity of our alternative alignments over
the BAliBASE alignments in the form of cysteine conservation at a disulphide bond (Figure
6.3) and significantly improved RMSD of a structure alignment (Figure 6.4). As noted by
Kuziemko et al., the alignment supported by structural evidence may receive a lower score
than an alignment which simply optimizes the sequence alignment algorithm’s scoring function
[24]. This observation suggests that we should be skeptical of alignments that are validated
only by an alignment scoring function. Furthermore, the existence of potential misalignments
in the most widely used, hand-curated benchmark dataset implies that such misalignments may
be common in high-throughput datasets of lower quality.
Large datasets are known to have many systematic misalignments caused by incorrect se-
quential or structural inference because of the limitations of current alignment methods [9, 22].
Many alternative alignments may seem equally valid because there are no methods to prove
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the correct alignment aside from solving the structures for all proteins in the alignment. Thus,
identification of serious errors with significant contradictory structural evidence is a method
for demonstrating an alignment is incorrect. Such structurally corroborated misalignments are
rare, especially in curated datasets. Nevertheless, the misalignments we identified in Figure
6.3 and Figure 6.4 provide such structural evidence.
It is interesting to contrast this assessment of BAliBASE 3 with a previous analysis of
BAliBASE by Edgar [9]. Both studies investigate the quality of alignment benchmarks using
criteria independent of sequence conservation. The different criteria for evaluating BAliBASE
highlighted different sets of BAliBASE alignments for discussion. Edgar used domain ho-
mology and secondary structure annotations to assess alignment quality; he argues correctly
that alignments of sequences with conflicting annotations are less reliable for benchmarking.
In this manuscript, we identify structurally supported shift errors in the same dataset and, by
extension, other similar datasets. These two studies form complementary assessments of the
BAliBASE benchmark set.
The exploration of the BAliBASE BB30 subfamilies dataset, as in Figure 6.4, draws at-
tention to the concept of homology and sequence alignment. Alignments designed to search
for coevolving positions in a protein should ideally be orthologous, comprising sequences re-
lated by linear descent. However, sequences can also be homologous (similar by common
evolutionary history) because of paralogy (related through a gene duplication event). Paralo-
gous positions may be under different functional constraints [15, 16, 17]; an example would
be the tRNA synthetases shown in Figure 6.4A and B. While both subfamilies are tRNA syn-
thetases, they catalyze a reaction with different tRNAs and different amino acids. Although
more exploration is needed, the inclusion of paralogous sequences could potentially increase
local covariation to a lesser extent than misalignments. The presence of paralogous sequences
may explain the occurrence of covariation within binding sites.
Identifying functional residues is an important open problem. The degree of conservation
of a position is typically used to indicate its potential importance in such analyses. However,
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when paralogous families are included and conservation is lost, local covariation could also be
used to search for non-conserved, functionally important residues. We provide an example of
local covariation in a functional region in our analysis of the alignment BB11003. Investigating
the region of local covariation revealed two important functional residues in an alignment of 4
sequences. Residues E333 and F335 both make important contacts to NAD in the coenzyme
binding site (Figure 6.5).
Local covariation previously identified an interesting structural region in phosphoglycer-
ate kinase [14]. In this example, a linker region contained either a sheet or a helix to serve
the same structural purpose. Technically, the region was not shifted because there was no al-
ternative alignment; there was simply no structurally meaningful alignment between the two
sequence subsets. These examples illustrate that it is critical that alignments be visually in-
spected regardless of the method used to generate them.
An interesting illustration of the importance of manual alignment curation is provided by
Kawrykow et al. through their work on the sequence alignment game Phylo [21]. Phylo uses
the concept of crowdsourcing to improve sequence alignments by having human players in-
spect and correct them. It is important to note that Kawrykow et al. found that untrained game
players were able to outperform the top performing automated solutions. This observation re-
inforces the importance of visually inspecting alignments after they are built by an automated
solution; LoCo provides an interface to guide and expedite the investigation.
Increased local covariation should not be confused with patch covariation, where two short
contiguous segments of sequence coevolve with one another [39]. Increased local covariation
is only concerned with covariation that occurs within a short segment of an alignment, not
between segments. As we noted previously, it is possible to use covariation statistics like
Zpx and ∆Zp to find true coevolving pairs that are distant in sequence even in regions of
misalignment [6].
We have made the tool used in this manuscript, LoCo, available online. LoCo can be used
effectively on large datasets. Performance can become a concern when analyzing alignments
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with many ungapped positions because of the covariation calculations. However, because the
covariation algorithms are implemented in C and optimized, we have successfully analyzed
very large concatenated protein datasets with thousands of sequences. We have run LoCo
successfully on concatenated alignments over 2500 ungapped positions long, though at this
size the covariation module requires approximately 1 gigabyte of memory and 1 minute of
CPU time to update the local covariation score. Alignments this size can be analyzed because
of the extensive optimizations made to the covariation calculation software. LoCo and its
antecedents have been an important part of building high quality protein alignments for several
recent manuscripts [14, 23, 6, 34]. Using LoCo, we have seen marked improvement in our
sequence alignment quality, confidence, and downstream analyses.
Analyses of alignments which contain errors are inherently unreliable. LoCo provides an
intuitive and rapid platform to identify and correct alignment errors. We recommend that new
alignments be analyzed with local covariation and visually inspected before any conclusions
are drawn from them.
6.5 Materials and Methods
6.5.1 Demonstrating Local Covariation Rationale
We created a 7-position synthetic alignment to demonstrate the effectiveness of local covari-
ation for finding misalignments (Figure 6.1). Each column in the misalignment contained a
randomly assorted subset of 3 residues that was mutually exclusive with adjacent columns; this
alignment was called ‘No Shift’. The ‘3% Alignment Shift’ and ‘5% Alignment Shift’ alig-
ments were created by randomly shifting a subset of sequences one position to the right, 6 of
200 and 10 of 200, respectively. Figure 6.1A shows the shift of positions 2–6 diagrammatically.
Positions and 1 and 7, which flank the misaligned region, remain unshifted.
The synthetic alignments were inserted at the N-terminus of a structure-guided and manually-
curated alignment of methionine aminopeptidase. We subsequently analyzed the synthetic
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alignment using the covariation statistic Zp [7, 6] Conservation scores were calculated using
Jalview [38].
6.5.2 Algorithm Overview
LoCo calculates the average covariation between positions in a protein alignment using the
Zp/MIp statistic [7] using a compiled program written in C. The algorithm for calculating Zp
is optimized for memory use and speed. Zp is based on mutual information, a statistic that
is calculated based on the relative counts and pairwise counts of each individual alignment
position.
MIp is defined as:
MI pi, j = MIi, j − (MIi,x × MI j,x)/MI (6.1)
where MIi,x is the mean Mutual Information of position i with all other positions and MI is the
overall mean Mutual Information. MIp is normalized and referred to as Zp:
Zpi, j = (MI pi, j − MI p)/σ(MI p) (6.2)
where again MI p is the mean MIp and σ(MI p) is its standard deviation. The convention of
referring to normalized MIp as Zp was introduced in [6].
Because there are 20 amino acids, there are 20 potential entries in the count matrix; each
pairwise count represents two positions so there are 400 potential entries for each pairwise
count. However, because the majority of positions demonstrate some degree of conservation,
most entries in the count and pairwise count matrices will be zero. This fact is exploited by the
LoCo algorithm — a reusable linear array is used to initialize a dynamically allocated linked
list which stores the pairwise count for each pair of positions for significant memory savings.
Local covariation is calculated by taking the average Zp score between all pairs of positions
over a window of six; this is done in a Perl script upon completion of the C program.
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The programs used to calculate covariation statistics can be used independently of the
Jalview GUI. These programs are accessed using the Perl script MIp.pl; they take a fasta-
formatted alignment and, optionally, a pdb-formatted structure as input and return a summary
file of covariation statistics (and inter-residue distances if the pdb file is provided). The MIp
software can be automated to screen large alignment datasets.
6.5.3 The LoCo Alignment Curation Tool
The alignment editing software is a modified version of Jalview [38]. Because covariation
statistics can be time-consuming to calculate, the major calculations are computed using an op-
timized algorithm implemented in the C programming language. The default Jalview sequence
alignment window displays protein sequences above three indicators of alignment quality —
Conservation, Quality score and Consensus. Because quality scores are based on conservation,
in LoCo we have replaced Quality with Local Covariation. High local covariation indicates a
high likelihood of systematic misalignment in that region, regardless of conservation score.
6.5.4 The LoCo Alignment Curation Procedure
We have developed a simple procedure to correct potential systematic misalignments using
LoCo: 1) Identify potential misalignments (Figure 6.3A), 2) cluster using neighbour joining
by percent identity (Figure 6.3D), 3) test alternate alignments (Figure 6.3B).
Potentially misaligned regions can be identified by examining the ”Local Covariation” bar
at the bottom of the alignment window. In [6], we noted that a local covariation score above 2.5
was worth investigating; however, we have found that cutoff to be conservative. Covariation
scores are affected by the number of sequences in the alignment and by their similarity, so it is
possible to find misalignments in small alignments (approximately 10 sequences) with much
lower local covariation scores. Alignments with fewer sequences have narrower distributions
of covariation. We recommend investigating any position where the local covariation score 1)
appears to be above the ‘background’ for the alignment, 2) is increased for several adjacent
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positions, or 3) is above 2.0 (coloured yellow in the histogram).
Clustering is done by highlighting the potentially misaligned positions and selecting “Neigh-
bour Joining Using % Identity” from the Calculate menu. Regions of systematic misalignment
will cluster separately from correctly aligned sequences. Sequences can be placed in the same
order as the tree by using the Sort command in the Calculate menu.
Finally, alternate alignments can be tested by highlighting the region of misalignment and
dragging the misaligned sequence into position by holding control while left-clicking and drag-
ging the mouse. The local covariation score will change as you edit the alignment.
6.5.5 Automated Search of CDD and BAliBASE
We collected alignments from the Conserved Domain Database [28] from
ftp://ftp.ncbi.nih.gov/pub/mmdb/cdd/
We collected all sequences from the ftp distribution of BAliBASE 3 [36] from
ftp://ftp-igbmc.u-strasbg.fr/pub/BAliBASE3/
The BAliBASE alignments were converted to fasta format by readseq [13]. A simple Perl-
based pipeline was used to automate the use of the MIp.c and MIp.pl programs used to calculate
covariation in the LoCo alignment curation tool. We counted the number of local covariation
peaks at or above the 2.0 threshold considered worth investigating. The number of peaks above
2.0 were plotted in R [19]; contiguous blocks were coloured as they represented an extended
region of high local covariation.
6.5.6 Structure Validation
Structures were collected from the RCSB Protein Data Bank [3]. Structure alignments for
Figure 6.3 and Figure 6.4 were made using Cn3D [18]. The Cn3D alignments are coloured
by identity such that conserved positions are coloured red and non-conserved positions are
coloured blue. RMSD for structure alignments was calculated using PyMOL [5]. The struc-
ture alignment for Figure 6.5 was created using PyMOL[5]. The entire structure alignment
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was rendered using the ‘cartoon’ renderer. Important residues and the NAD cofactor are em-
phasized through stick rendering on top of the original alignment. NAD is coloured red. The
region of high local covariation is coloured blue.
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Chapter 7
Discussion
This work represents a contribution to our collective understanding of sequence alignment,
coevolution, and their intertwined relationship. Prior to this work, the alignment-coevolution
relationship was not adequately characterized in the literature, which has led to misuses of
coevolutionary methods. This work is an attempt to acknowledge the fundamental implicit
assumptions made about evolution when conducting sequence analysis experiments in silico.
It is also an advancement of the fields of multiple sequence alignment, and (both directly and
indirectly) coevolutionary inference.
7.1 Improvements to multiple sequence alignment
7.1.1 Putative misalignments in benchmark alignment databases
Multiple sequence alignment saw a decade of advancement after the publication of the BAl-
iBASE benchmark database [26] because it allowed computationally-focused researchers to
treat sequence alignment as an optimization problem, and it allowed the direct competition
of various methods with evidence to determine which was best and why. This environment
facilitates innovation and advancement. But after a decade of impressive innovation, the field
stagnated because new techniques were not able to outperform established methods on stan-
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dard benchmarks. It appeared that the maximum possible accuracy had been reached and that
it was less than 100%.
However, the local covariation analysis (described in chapter 6) of the most current BAl-
iBASE has revealed that the benchmark database contains alignment errors. Interestingly, the
errors found using local covariation were of a different type compared to previous analyses [9],
and thus the errors discussed in Chapter 6 complement the analysis by Edgar. The presence
of errors implies that the reason new methods could not improve upon established ones is that
researchers were trying to optimize their tools for contradictory data. Researchers were trying
to optimize their tools to match BAliBASE alignments, and, with no optimal solution, created
tools that generated systematic errors elsewhere. Thus, the limits of multiple sequence align-
ment accuracy were not reached, but rather, the limits of the accuracy of the benchmark were
reached.
7.1.2 Alignment reliance on conservation
Local covariation and LoCo were able to identify alignment errors because local covariation
is an independent criterion on which an alignment can be validated [6]. Multiple sequence
alignment algorithms exist to maximize conservation, sequence identity and similarity defined
by the scoring matrix used. Iterative methods test alternative alignments to prevent systematic
errors, but still use conservation as the criterion by which to identify misalignment [10, 17].
Researchers then analyze alignments to find conserved positions.
The fact that this process is based entirely on conservation means that errors that result in
some erroneous, though highly-conserved positions, will be incorrectly inferred as important
to structure and function. This wastes valuable experimental resources. And because the errors
are conservation-based, it is unlikely that conservation-based curation methods will detect them
all.
Alignment databases like BAliBASE attempt to circumvent this problem by using structure
as the independent criterion on which to validate the sequence alignment. However, this is not
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an adequate solution because structure is comparatively rare, and because, as demonstrated in
chapter 6, alignment that contradicts the structural model can still occur because of structure
alignment shift errors or human error. Furthermore, the intention of using high quality multiple
sequence alignments for de novo structure prediction means that a reliance on structure for
validation is not possible.
7.1.3 Supporting alternative alignments
One of the biggest challenges associated with the analysis of a benchmark database is the
presumption of correctness. A great deal of literature relies on the absolute correctness of a
benchmark database, and thus work that is critical of it can be a lightning rod for controversy
[9]. Chapter 6 identifies many potential misalignments in major databases, but it is difficult to
prove conclusively that an error has occurred in many cases; the burden of proof lies with the
accuser.
The potentially-misaligned proteins in high quality datasets often look correct when using
traditional tools, or else they would not have been included in such a dataset. In the typical
case, when two equally-plausible alignments exist, the default is to trust the database. When
local covariation suggests an alternative alignment, it is met with skepticism. This is why, of
the many potential misalignments which were identified in BAliBASE, a specific three were
chosen for demonstration; each of these alignments has independent structural or phylogenetic
information on which the correct alignment can be checked. Thus, the violations of the re-
spective structural models provides compelling evidence for the correctness of the alternative
alignment suggested by local covariation.
7.1.4 Local covariation is not dependent on conservation
Local covariation provides an independent validation of sequence alignment correctness [5, 6].
Sequence alignments can be built using conservation and then checked for systematic errors
using local covariation. Presently, local covariation is a heuristic and not a metric, and thus it
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cannot be used to automate alignment curation.
When a systematic misalignment is repaired, the local covariation of the misaligned re-
gion will be reduced. However, the correct alignment is not the only potential arrangement
which will yield low local covariation. If sequences were arranged randomly, there would
be no sequence-local positional correlations either. Of course, such a random assortment
of sequences would have low conservation and would be identified as potentially-misaligned
through the conservation metric. In this way, local covariation functions similarly to an align-
ment position validation tool like GBLOCKS [25].
GBLOCKS is an important part of a phylogenetic inference pipeline because it removes po-
sitions from an alignment which are not of sufficient quality to be included in the phylogenetic
algorithm, which typically includes positions with gaps and positions with low conservation
[25]. But because GBLOCKS is based on conservation, it may infer misalignments of analo-
gous residues as being correctly aligned. Local covariation can provide a similar function to
GBLOCKS by identifying potentially misaligned regions which should be removed prior to
phylogenetic analysis.
7.1.5 Local covariation as an alternative to GBLOCKS
In [24], I created a multiple sequence alignment of the LAGLIDADG Homing Endonuclease
protein family with the intention of showing the diversity of the protein family that could
be exploited for enzyme design purposes. The diversity of the LAGLIDADG family makes
sequence alignment very challenging [3]. The LAGLIDADG family targets diverse binding
sites and the amino acid diversity seen at binding locations is characterized as an example of
“rapid evolution” [19].
Furthermore, the LAGLIDADG homing endonuclease is a two-domain enzyme which ex-
ists in either a homodimer or single chain form, each of which is separated into a different
protein subfamily in the PFAM database [23]. Misclassification of single chain LAGLIDADG
enzymes as the homodimer form and vice versa is a serious problem in the creation of a LAGL-
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IDADG protein family. The single chain form of the LAGLIDADG enzyme is connected by
a long, variable, unstructured, linker region that, coupled with low sequence identiy, makes
automated alignment of the family very challenging.
GBLOCKS [25] was unsuccessful in selecting positions for phylogenetic analysis because
GBLOCKS relies on conservation to indicate which positions are well-aligned and the highly
divergent LAGLIDADG family was too diverse. LoCo [6] was used to curate the LAGLI-
DADG protein family instead. Local covariation highlighted regions of potential misalignment
which were either corrected if possible, or removed from the phylogenetic analysis. Regions of
high local covariation with no obvious alternative alignment were removed from the phyloge-
netic analysis. In this way, local covariation was used in place of conservation as an indepen-
dent tool for validating an alignment for phylogenetic analysis. The result was a phylogenetic
tree with high confidence that demonstrated the enormous diversity of the LAGLIDADG fam-
ily.
7.2 Improvements to structure prediction and coevolution-
ary inference
7.2.1 Sequence alignment improvement critical to application of coevo-
lutionary methods
The first observation that I made regarding the MIp [8] covariation statistic was that its impres-
sive contact prediction accuracy was not consistent when applied to so-called “gold standard”
public databases. When analyzing the highest quality alignments, which are structure-guided
and painstakingly hand-curated, MIp produced impressive residue contact prediction accuracy.
However, analyzing alignments in publicly-available databases produced inconsistent re-
sults, even when controlling for sequence diversity, length, and number. It was clear that this
tool for coevolution inference would not become a widely adopted tool for protein family anal-
164 Chapter 7. Discussion
ysis if one could not determine whether its predictions were meaningful. This is especially true
because the accuracy of coevolution predictions is checked against the structure of a member of
the protein family; such information would certainly not be available when using coevolution
to contribute to the a priori structure prediction problem.
7.2.2 Misalignment as a source of false-positive covariation
Atchley et al. had suggested that the covariation between two positions in a protein family
could be broken down into a linear combination of several components [1]:
Ci j = Cphylogeny + Cstructure + C f unction + Cinteractions + Cstochastic
The APC correction applied to MI to create MIp had removed the phylogenetic noise com-
ponent from such a breakdown, but it was possible that other sources of noise contaminated the
coevolution signal. Based on the results discussed in Chapter 5, I now believe that systematic
misalignments represent another component of the linear combination of factors that contribute
to coevolution signal, previously hidden within the Cstochastic component:
Ci j = Cphylogeny + Cstructure + C f unction + Cinteractions + Cstochastic + Csystematic misalignments
This result was very counter-intuitive. It was expected that misalignments would obscure
coevolution signal and result in reduced covariation scores. In fact, anecdotally, it was hypoth-
esized that alignments could be improved by maximizing coevolution, since that was believed
to be a measure of the quality of an alignment.
7.2.3 Development of new coevolution-inferring statistics
Another key observation was that the coevolution signal was still present in the correctly-
aligned regions of an alignments that contain some systematic misalignments. The simplest
and most common practice for evaluating coevolution predictions was to evaluate the top-
scoring N pairs where N was either some fixed number, or some function of the length of
the protein. The fact that systematically-misaligned regions dramatically increased covariation
scores meant that the other predictions for the well-aligned regions were overlooked.
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The presence of overshadowed coevolution predictions in misaligned proteins led to the de-
velopment of two new coevolution-predicting statistics, Zpx and ∆Zp [5], introduced in Chap-
ter 5. Both of these statistics are designed to find outliers from each respective position’s
distribution of coevolution scores, rather than the distribution of all pairs. These new statistics
improve contact prediction in optimal alignments. But they are especially good at identify-
ing contacting positions in alignments which contain systematic misalignments, compared to
earlier coevolution-inference methods.
It is interesting to note that each statistic finds a different subset of all putatively coevolving
pairs of positions for a protein family, but the consensus set agreed upon by MIp, Zpx, and ∆Zp
are the most likely to be in contact. Thus, advances in sequence alignment and advances in
coevolution inference have created a system of tools for coevolution inference that are more
generalizable and more accurate.
7.2.4 Gaps are not the 21st amino acid
Finally, it is critically important that gaps are treated correctly throughout coevolutionary in-
ference. As demonstrated in Chapter 4, gap characters create the illusion of covariation when
treated as the 21st character in an alignment. It is very concerning that Mutual Information-
based methods like MIp have been modified to include gaps as the 21st character, with no
acknowledgement to the significance of such a modification. Furthermore, the spurious co-
evolution signal seen from such positions has been interpreted as being functionally important
[18].
Furthermore, Chapter 4 demonstrated that including gaps as the 21st character decreases
contact prediction accuracy. It is a common practice to benchmark against established tools
to assess a new method’s utility. Some recent novel methods have been benchmarked against
Mutual Information-based statistics that were modified to include gaps as the 21st character
[21]. The modification of the existing tool invalidates such a benchmark.
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7.3 Validating coevolution predictions
7.3.1 Active site variation constraints from a coevolving network of posi-
tions
Atchley’s linear combination model of covariation signal highlights the existence of functional-
based covariation. The possibility of functional coevolution was explored using the LAGLI-
DADG HE family initially investigated in Takeuchi et al. [24]. An analysis of the LAGL-
IDADG HE family by Zpx revealed that the pair with the strongest coevolution signal was
between the N- and C-terminal domains, across the central helix, and adjacent to the two re-
spective catalytic residues on the N-terminal side.
These residues formed a network of coevolving residues which included a catalytic residue;
this is very rare, because catalytic residues are typically conserved and thus cannot covary.
This work, described by McMurrough et al. (manuscript in prep) [20] establishes that there is
a coevolving network of residues which controls the variation of the active site. The discovery
of this coevolving network is of high utility for enzyme design work, as it can potentially guide
the necessary sequence changes necessary to retain the function of a designed enzyme.
7.3.2 Validation of consensus coevolution predictions in phosphoglycer-
ate kinase
Another validation of the predictions of MIp [8], Zpx, and ∆Zp [5] was completed by Gloor
et al. [13]. In this work, Gloor et al. applied local covariation and the aforementioned
coevolutionary-inference methods to phosphoglycerate kinase (PGK). They identified a coe-
volving pair of positions which were important for the function of the protein, yet were not
well-conserved, accepting aliphatic, aromatic or charged amino acids. They characterized
two potential evolutionary pathways connecting different accepted pairs via both the covarion
[11] and second site suppression [28] models of evolutionary change. Finally, a phylogenetic
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analysis of coevolving positions in PGK revealed that putatively-coevolving positions are not
characterized by either strong homoplasy or clade conservation (ie. synapomorphy and sym-
plesiomorphy).
Also interestingly, they identified a region of high local covariation in the PGK alignment
which could not be fixed via realignment [13]. Investigation of structure information in this
region revealed that there were two alternative structural motifs in that region: some positions
were α-helical and some were β-strands. While the sequence alignment program attempted
to infer sequential homology in this region, the structures revealed that such alignment was
not meaningful from a structural perspective. This observation reinforces the link between
coevolutionary methods and the structural homology.
7.4 Software development
This PhD work represents a contribution of several bioinformatics software tools to the research
community for rapid analysis of sequence data.
7.4.1 The MIpToolset for rapid calculation of covariation statistics
The MIpToolset [4] discussed in chapter 3 provides rapid calculation of the Mutual Information-
derived covariation statistics described herein. It uses data structure optimizations to the Mu-
tual Information algorithm to resolve the intrinsic memory and time challenges associated with
such calculations. The result is a program that produces coevolution statistics, and adjoining
figures and plot-ready data, with the efficiency required for database-wide analyses in reason-
able time.
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7.4.2 LoCo for alignment curation based on both conservation and local
covariation
The algorithmic optimizations to the MIpToolset were used to facilitate the creation of LoCo
[6], an alignment editor tool that is ideal for sequence alignment curation. LoCo is built on
top of the extremely popular Jalview software [27] that has been cited over 2000 times, en-
suring that the interface is instantly familiar to many. LoCo identifies putative systematic
misalignments using local covariation. If the alignment does not show signs of increased local
covariation, the researcher gains confidence in the conclusions drawn from the protein family.
If the alignment has regions of high local covariation, a simple procedure exists for editing the
alignment to correct the error. The speed of the MIpToolset allows covariation statistics to be
updated in real time on screen below the alignment for typical protein families.
It is my hope that LoCo obtains widespread adoption as an intermediate validation after
aligning sequences of a protein family, but before any conclusions are drawn from the align-
ment. The idea that an alignment should be viewed by the researcher before any subsequent
analysis, is absolutely textbook. LoCo is the ideal tool for visualizing alignments at this stage
because it increases the speed and accuracy with which a researcher can either approve or
correct a new alignment. Correct alignments are crucial for making correct inferences about
a protein family, and this work has shown that alignment errors can have serious unforeseen
consequences to downstream analyses.
7.5 Future work
7.5.1 Improving multiple sequence alignment benchmarks
The field of sequence alignment is approaching the limits of some of the benchmarks available,
like the aforementioned BAliBASE. Chapter 6 outlines an analysis of the BAliBASE dataset,
for which numerous potential misalignments exist. Optimizing sequence alignment methods
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against erroneous data will stifle innovation and advancement. Though labour-intensive, it is
possible that a local covariation-validated database of alignments could be generated. This
BAliBASE-LoCo database would potentially be more accurate and would open the door for
new innovations in sequence alignment. Furthermore, it may be possible to automate sequence
repair using local covariation; however, I hesitate to suggest this avenue because I believe
strongly that everyone must visually inspect their data before moving on to later steps in the
analysis pipeline. Automated alignment repair would actually save very little time in the typical
case, and would encourage bypassing this crucial inspection step. Nevertheless, I acknowledge
the utility of automated alignment curation for database-wide analyses.
7.5.2 Towards a universal benchmark for coevolutionary inference
Similarly, the lack of a universally-accepted benchmark database for coevolution is preventing
optimal advancement of the field. However, the problem of creating an alignment-coevolution
database is more complicated. The current benchmark method for inferring coevolution, con-
tact prediction, is very coarse; it is not expected that all contacting positions will coevolve, nor
is it predicted that all coevolving positions will be in contact. The expectation is only that co-
evolution often implies contact. However, the benefits of such a theoretical benchmark dataset
would be enormous.
I believe that the path to such a dataset exists through investigating the contributions of
putatively coevolving residues to the folding energy and relative motions within the protein
structure in silico. The link between coevolving positions and thermodynamic coupling has
been established [12]. I believe that is is possible to develop a metric which corresponds
more strongly with coevolution than inter-residue contact. Such a metric would allow the
separation of strongly interacting residues from those merely in contact and would allow for a
more rigorous benchmark of coevolution statistics. It may also account for the observation that
some covarying residues do so via indirect coevolution through an intermediate position [2].
Furthermore, such work could potentially lead to the precise mechanism of protein coevolution.
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Such a mechanism would represent the answer to the near-half-century old question of the
hypothesis which drives protein evolution: second site suppression [29] or covarions [11].
7.5.3 Creating one consensus statistic from many Mutual Information-
based methods
As mentioned above, this work involves the development of two (Zpx, ∆Zp) and further study
of another (Zp) coevolution statistics; the consensus set of pairs between these methods repre-
sents the set of predicted contacting pairs with the highest accuracy. The consensus proves to
be more accurate because each statistic selects a different, though overlapping, set of covary-
ing pairs[7]. At present, there is not an established method for obtaining the optimal consensus
between these three methods.
There are many possible avenues for developing such a methodology, including the de-
velopment of a linear combination through some optimization algorithm. This optimization
problem is, of course, tied to the previous goal of identifying a more accurate method for
differentiating between true- and false-positives when inferring coevolving positions. The cre-
ation of an improved coevolution metric from Zp, Zpx, and ∆Zp would benefit greatly from an
established coevolution benchmark database. It would also be interesting to apply these statis-
tics to the Critical Assessment of protein Structure Prediction (CASP) competition; CASP is
a competition that allows structure prediction methods to generate structural predictions in
advance of the publication of a previously-unknown structure [22].
7.5.4 Towards the detection of paralogous contamination
Finally, Chapter 6 highlights a region of high local covariation found in an alignment in the
BAliBASE database that was associated with a paralogous alignment rather than with a putative
misalignment. Mutual Information-based coevolution inference methods were designed with
the assumption that the protein family being analyzed is orthologous [14]. After the gene
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duplication event that creates paralogous sequences, each can undergo functional divergence
which can lead to either a change in the evolutionary rate or a different complement of residues
at that position [15, 16]. It is hypothesized that the functional divergence could cause a similar
pattern of local covariation in the region of divergence[6], and thus has the potential to be
used to identify putative binding or catalytic sites, when paralogous sequences are included on
purpose, or the presence of paralogous sequence alignment contamination.
7.6 Final conclusions
In conclusion, I believe that the concept of coevolution, and the non-independence of posi-
tions within a protein family, is just as important to the understanding of a protein family as
is the concept of conservation. The comparative popularity of conservation can be simply
attributed to the relative simplicity of conservation as a concept. In order to improve the col-
lective understanding of protein coevolution, and increase our ability to generalize it across
major databases of protein families, I demonstrated the implicit link between the quality of co-
evolution predictions and the fundamental biochemical assumptions implicit in such analyses.
I investigated the relationship between multiple sequence alignment methodologies and their
effect on coevolution inference. This work led to an innovation in sequence alignment methods
in the form of local covariation [7], and a user-friendly sofware tool, LoCo [6], which provides
an interface for curating protein family alignments based on local covariation. With this new
ability to generate high-quality sequence alignments for input into the coevolution inference
analysis pipeline, new statistics with greater coevolution prediction accuracy and greater re-
sistance to alignment errors were produced. These new innovations have been applied to the
LAGLIDADG Homing Endonuclease protein family, and in vivo and in vitro experimentation
supports the hypothesis that a coevolving network of residues constrains the variation of the
family’s active site. The advances in sequence alignment and coevolutionary inference pre-
sented here have the potential to provide new exciting insights into the evolution, structure,
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and function of a diverse assortment of protein families.
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